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Abstract

Language operates as a mechanism of both marginalization and re-
sistance, especially for minority communities navigating insensitive
and harmful speech online. As content moderation increasingly de-
pends on large language models (LLMs), concerns arise about whether
these systems can recognize culturally insensitive speech—language
that disregards or marginalizes the cultural and religious perspec-
tives of historically underrepresented communities, often through
implicit erasure, misrepresentation, or normative framing, rather than
overt hostility. Focusing on Bangladesh’s Hindu and Chakma com-
munities — the country’s largest religious and Indigenous ethnic mi-
norities, respectively — this paper investigates the epistemic limits of
LLM-based moderation systems and explores methods for incorpo-
rating minority perspectives. We co-created a culturally grounded
corpus of insensitive speech with community members and inte-
grated their narratives into moderation pipelines using retrieval aug-
mented generation (RAG). Our tool, Mod-Guide, improves LLM
sensitivity to minority viewpoints by leveraging contextual cues de-
rived from lived experience. Through mixed-method evaluations
involving both minority and majority participants, we demonstrate
that RAG-enhanced moderation responses are more contextually ac-
curate and perceived differently across ethnic lines. This work ad-
vances research in human-computer interaction, Al ethics, and so-
cial computing by foregrounding restorative justice and hermeneu-
tical inclusion in the design of content moderation systems.
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1 Introduction

Language is more than a means of communication and is a form
of power [87]. It shapes social hierarchies, legitimizes authority,
and enables the marginalization—a process through which individu-
als and groups are pushed to the periphery of society based on at-
tributes like race, gender, ethnicity, religion, caste, nationality, lan-
guage, sexual orientation, etc. [25]. Linguistic marginalization and
injuries manifest in online communities through hate speech, bully-
ing, political incitement, and other forms of insensitive speech. In
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the context of this study, we define insensitive speech as the linguis-
tic acts that-while not overtly hateful or profane—disregards, misrep-
resents, trivializes, or marginalizes the cultural, religious, or epis-
temic values of historically underrepresented communities. Unlike
hate speech, which is often explicit in its hostility or incitement, in-
sensitive speech manifests through dismissive framings, culturally
uninformed generalizations, or normative assumptions rooted in ma-
jority worldviews. Its harm arises not only from intent or content,
but from its failure to recognize and respect the situated meanings,
lived experiences, and interpretive frameworks of minority groups.

Most platforms respond to harmful content by enforcing modera-
tion policies through a combination of human moderators and algo-
rithmic systems [49, 71]. Recent advances in large language mod-
els (LLMs) have enabled more scalable moderation [52, 101], but
these models are predominantly shaped by and reinforce majority
perspectives [60]. Given the epistemic underrepresentation of the
religious and Indigenous ethnic minorities, whose perspectives and
experiences with insensitive or harmful speech might significantly
differ from those of the majority in those LLM-based content moder-
ation systems, it would likely reinforce the societal barrier between
the majority and minority groups in the case of understanding each
other’s perspectives.

We focus on Bangladesh, where the Hindu and Chakma com-
munities are the largest religious and Indigenous ethnic minorities,
respectively [14]. Motivated by concepts of hermeneutical injus-
tice [28] and the divide between majority and minority conscious-
ness [22], we collaborated with members from those communities
to curate a corpus of culturally insensitive statements. Participants
described why specific speech acts were hurtful and problematic,
grounding their explanations in religious texts, oral histories, cul-
tural practices and rituals, lived experiences, and documents from
rights organizations. These insights reflect interpretive resources
that are typically excluded from LLM training data. To operational-
ize these perspectives, we introduce Mod-Guide, an LLM-based
moderation feedback tool that uses retrieval-augmented generation
(RAG) to ground moderation responses in this community-sourced
corpus. While RAG has shown strong performance across a range of
NLP tasks [59], the significance of our work lies in grounding RAG
in epistemically marginalized perspectives and evaluating its impli-
cations for culturally sensitive moderation. We evaluate Mod-Guide
using a mixed-method study with participants from the majority and
minority communities, comparing its outputs to responses from the
off-the-shelf GPT-4 model. Our analysis shows that grounding LLM
responses in minority perspectives through RAG significantly af-
fects how harmful speech is interpreted and moderated. We also find
that the perceived usefulness of these moderation outputs varies by
ethnicity but not by religion. This work makes two key contributions
that are widely recognized in HCI scholarship [99]:

« Dataset contribution: a curated and annotated corpus of cultur-
ally insensitive speech from minority perspectives.

« Artifact contribution: the design and evaluation of Mod-Guide,
a feedback system that integrates these perspectives into the work-
flow of LLM-based moderation.

This research contributes to ongoing discourse in human-computer
interaction, Al ethics, and social computing by centering epistemi-
cally marginalized communities in data curation and system design.
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It demonstrates how LLMs can be made more sensitive to pluralis-
tic norms through community participation and socio-technical de-
sign. The following sections detail the sociolinguistic framing of
marginalization, the construction of our dataset, the design of the
LLM-RAG pipeline, and the empirical evaluation. We conclude by
reflecting on the challenges of scale, the normativity of dataset cu-
ration, and the implications for design toward community-centered
justice and fair content moderation systems.

2 Literature Review

This section situates our work at the intersection of linguistic marginal-
ization, epistemic injustice, and automated content moderation. First,
we discuss linguistic marginalization and conceptualize insensitive
speech as a form of harm shaped by cultural and historical context.
Next, we examine epistemic barriers between majority and minor-
ity communities through the lenses of Du Bois’ notion of the veil
and Fricker’s hermeneutical injustice. Finally, we review research
on automated content moderation and large language models, high-
lighting limitations in addressing culturally contextual harms and
motivating our community-grounded RAG-based approach.

2.1 Linguistic Marginalization as Insensitive
Speech

Language plays a crucial role in shaping social hierarchies and power
dynamics. It establishes normative and non-normative identities [15].
As such, people are marginalized through language, often in the
form of bullying, hate speech, and threats. Similarly, religious and
ethnic minorities are also vulnerable to linguistic injuries. Such
injury arises not only from offensive speech targeting certain reli-
gions and ethnicities but also from the mode or ways those identi-
ties are positioned as dismissed and devalued [15]. In this paper, we
focus on linguistic injuries and vulnerabilities, where exact words
may not be explicitly offensive (e.g., name-calling), yet their con-
ventional bearing—how words derive power from historical and so-
cial conventions—can come across as disregarding or diminishing
the experiences, identities, practices, and contexts of religious and
ethnic minorities, which we dub as insensitive speech.

To study the linguistic marginalization of religious and ethnic
minorities in Bangladesh, we need to understand their sociopoliti-
cal contexts. Religious minorities in Bangladesh, particularly Hin-
dus, have long faced marginalization characterized by both histori-
cal and ongoing violence [77]. The large-scale communal riots and
the disproportionate targeting of Hindus during the Liberation War
illustrate this pattern [6, 80]. In recent decades, assaults on Hindu
communities have increased, often fueled by social media rumors
of religious insults against the majority [30, 43, 79], such as the
violence during the 2021 Durga Puja [38]. Furthermore, political
instability worsens the persecution, leading to targeted attacks on
Hindus [5, 45], Christians [44], and atheists [27, 85]. Similarly, the
Indigenous ethnic minorities in Bangladesh (known as Adivasi) face
marginalization due to their ethnic and cultural differences from
the majority Bengali population. These communities, particularly
in the Chittagong Hill Tracts, have experienced displacement, set-
tlement, encroachment on their ancestral lands, ethnocide, and vi-
olence due to the region’s militarization since before the country’s
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independence [17, 40]. Despite a peace accord in 1997, they con-
tinue to struggle for autonomy and basic recognition of indigeneity
to this day [16, 68].

Recent scholarships in social computing and ICT for develop-
ment have looked into how these sociopolitical experiences of re-
ligious and ethnic minorities in Bangladesh manifest as everyday
linguistic marginalization in online communities in their interaction
with other users and content moderation. For example, [77] ex-
plained how social psychology shapes the participation of religious
minorities online, who, due to a fear of isolation, fall into a spiral
of silence, negotiate through the future uncertainties and present im-
pression of fear, and accommodate their communication with reli-
gious majority communities. Among the Indigenous communities
in Bangladesh, many share religious minority identities, such as
Chakma, Santhals, and Garo, who follow Buddhism, Hinduism, and
Christianity, respectively [95]. Users from these communities have
markedly different experiences with hate speech on online platforms
compared to their peers from the majority community. The lack
of urgency in addressing their experience with explicitly profane
speech creates a clear disparity concerning membership, rights, and
participation as users of online platforms [90]. Taking that into ac-
count, efforts to address insensitive speech with conventional bear-
ing are more likely to be influenced by majoritarianism and, hence,
require additional contextual content moderation and depend on in-
creased awareness among majority religious and ethnic groups, such
as the Bengali Muslims in Bangladesh.

2.2 Epistemic Barriers among Majority and
Minority

Marginalization of minorities often stems from entrenched tribal
stigma surrounding attributes like ethnicity, religion, language, and
cultural practices [35]. For example, in many contexts, misunder-
standings of minority religions’ practices and beliefs lead to unsub-
stantiated fear (e.g., Islamophobia [4]), misrepresentation (e.g., de-
picting non-Abrahamic faiths as satanic or pagan [89]), or exclusion.
Similarly, immigrants who speak different languages often face sus-
picion or hostility, as their speech is perceived as secretive or exclu-
sionary, reinforcing their marginalization in the form of xenopho-
bia [57]. Scholars argue that such stigma and marginalization are
not the victims’ attributes but a feature of the society that imposes
it. Through various social processes, minorities’ symbols, beliefs,
practices, and physical conditions are made non-normative in soci-
ety and are devalued or discredited to such an extent that they adopt
different coping mechanisms [35], such as hiding their identities,
avoiding sharing their experiences or withdrawing from social inter-
actions out of fear of isolation and the desire to conform to norms
in both online and offline settings [77].

In this paper, we seek to understand the experiences of religious
and ethnic minorities being marginalized, ridiculed, and misunder-
stood in the Bangladeshi social media sphere by combining W.E.B.
Du Bois’ concept of “the veil” [22] and Miranda Fricker’s notion of
hermeneutical injustice [28]. These theoretical angles provide com-
plementary lenses for understanding and addressing the underlying
processes that lead to the minorities’ marginalization. Du Bois’ con-
ceptualization of the “veil” highlights how racial minorities in the
United States experience an imposed separation that distorts their
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self-perception and hinders mutual comprehension across racial di-
vides [22]. Recent work [77] in the context of Bangladesh has high-
lighted how the religious minority communities feel a comparable
divide between themselves and the religious majority, particularly
in how their identities and practices are misinterpreted, leading to
alienation and marginalization. That metaphorical veil between the
majority and minority groups in terms of ethnicity or religion func-
tions as an epistemic barrier, preventing adequate and effective in-
tergroup understanding.

Drawing from Fricker’s work [28], this epistemic difference could
be dubbed hermeneutical injustice, where minority groups struggle
to make sense of their experiences due to the lack of necessary con-
ceptual resources within normative epistemic frameworks shaped
by religious and ethnic majorities’ beliefs and practices. For ex-
ample, theological interpretations (e.g., the role of idols in worship
for Hindu minorities) and dietary practices of the ethnic minority
communities (e.g., consumption of pork, frog, and alcohol) are con-
sidered wrong from the perspective of the majority Bengali Mus-
lims’ standpoint [77, 90, 91]. When members of the majority com-
munity talk about those beliefs and practices, the minority groups
might deem such comments as stereotypical, condescending, insult-
ing, and overall insensitive, which reinforces division and further
marginalizes minorities online.

Divisions between majority and minority groups are sustained
by institutionalized ignorance and a lack of empathy [22], while
dominant social norms and unconscious biases perpetuate injustice
against marginalized communities [28]. In online communities where
religious and ethnic minorities encounter insensitive speech, differ-
ent moderation and feedback mechanisms could be implemented
with careful attention to the epistemologies of these groups. More

broadly, dismantling these barriers demands inclusive epistemic practices—

encompassing knowledge production, recognition, and validation—
to value minorities’ perspectives and foster interfaith communica-
tion and mutual understanding. These practices would ultimately
address the power asymmetries experienced by religious and ethnic
minorities online by shaping the design and governance of sociotech-
nical systems like online platforms.

2.3 Language Models in Moderating Insensitive
Speech

With the global adoption of online platforms and the diverse com-
munities they host, moderating harmful and insensitive speech has
become a complex sociotechnical challenge. Existing scholarship
has shown that perceptions of what constitutes harmful content and
its severity vary significantly across cultural and social contexts [50,
81]. While platforms’ “institutional ethics” [81] do not want to im-
plement the perspectives of users who think anything that does not
pertain to a particular religious belief should be removed, they rarely
make an active effort in addressing the hermeneutical injustice [50],
i.e., the structural exclusion of minority perspectives in defining
what counts as harmful. As online communities grow, platforms
must negotiate competing moderation values (e.g., community iden-
tity), philosophies (e.g., nurturing vs. punishing), and implementa-
tion styles (e.g., human vs. algorithmic moderation) [21, 49].
Particularly focused on moderation philosophy, Seering et al. [83]
examined how moderation can be conceptualized through different
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metaphors, such as mentoring, law enforcement, and custodianship.
These metaphors shape how platforms and moderators perceive their
roles, influencing decisions and ethics about intervention, the bal-
ance between users’ autonomy and governance, and the prioritiza-
tion of different cultures and values. As the platforms adopt algorith-
mic moderation for the sake of efficiency, these societal complexi-
ties are often pawned off to algorithmic systems [49]. Language
technologies have become central to automated content moderation
systems[92, 96]. In terms of complexity and sophistication, these
systems range from simple keyword filters[47, 48], to task-specific
models for sentiment analysis and hate speech detection [20, 72], to
foundational large language models (LLMs) deployed at scale [42,
52, 101]. While multilingual LLMs have shown promising results
in detecting explicit hate speech, fake news, and discriminatory lan-
guage [51, 74, 75], they often struggle with more subtle forms of
disinformation and culturally coded insensitivity.

However, LLMs reflect and reinforce dominant cultural norms,
which can lead to representational harms, particularly for non-Western
communities [13, 34]. Prior research has shown that these models

exhibit demographic (e.g., race, gender, nationality, religion, caste) [20,

31-33, 36], socioeconomic [8], and political biases [1], raising con-
cerns about how automated moderation disproportionately impacts
marginalized communities. Hence, recent works have attempted
to reconceptualize moderation by embedding safety paradigms di-
rectly into LLM pipelines [9, 42], wherein they have examined how
data selection and fine-tuning impacted LLMs’ economic and polit-
ical biases [1], how model responses vary with culturally sensitive
prompts [73], and found that persona-based prompting can improve
alignment with specific moderation goals [54]. Studies highlighted
how crowd-sourced data annotation is subject to limited annotator
expertise [53], dismissal of religious faiths [78], minorities’ under-
representation [88, 93], and disproportionate association of toxic-
ity with minorities [98]. Retrieval augmented generation (RAG)-a
method to enhance language model outputs by retrieving relevant
external documents while generating responses [59], can be an ef-
fective technique to address the concerns of LLM biases affecting
content moderation [58, 94]. However, there is a dearth of literature
that has examined its effectiveness in moderating content around mi-
nority identity, especially in non-English languages and the Global
South contexts.

Our work advances research at the intersection of content mod-
eration, LLMs, and low-resource language communities in two key
ways. First, we address the dataset challenge by constructing a cul-
turally grounded corpus of insensitive speech in Bengali, annotated
and contextualized by members of underrepresented religious and
ethnic minority communities in Bangladesh. Rather than relying on
crowd-sourced or majority-labels that often obscure minority per-
spectives, our approach centers the lived experiences, interpretive
frameworks, and rationales of those most affected by marginaliza-
tion. Second, we build on insights from prior literature that persona-
based prompting may help align LLM outputs with specific mod-
eration philosophies [54, 83] and RAG enhances factual accuracy
and contextual grounding [46, 86]. We implemented this insight in
our content moderation feedback system, Mod-Guide, in which we
prompt an LLM to adopt various moderation roles and ground its
responses in the minority community-sourced corpus using RAG.
We evaluated which configurations—combinations of prompts and
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the presence/absence of RAG—produce more contextually sensitive,
factually accurate, and epistemically inclusive feedback.

3 Methods

This paper is part of a broader study to understand minority commu-
nities’ experiences with content moderation in online communities
and develop tools to make those spaces more inclusive and accessi-
ble for these communities [21, 78, 90]. Here, we build on our find-
ings and community relationships fostered during the earlier phases
of our research. Our study proceeded in three stages (see Figure 1):
(1) corpus preparation, (2) development of the Mod-Guide modera-
tion system, and (3) evaluation of moderation feedback.

3.1 Overview

First, we collaborated with 22 members from two minority commu-
nities in Bangladesh-Hindu and Chakma-using the asynchronous
research community method to construct a corpus of culturally in-
sensitive speech containing 132 instances and accompanying expla-
nations grounded in community perspectives. Second, we integrated
this corpus into a moderation pipeline that combines persona-based

prompting GPT-4 with retrieval-augmented generation (RAG) to ground

moderation feedback in community-authored explanations. Third,
we evaluated the system through a mixed-method approach consist-
ing of (a) quantitative analysis of generated responses using text em-
beddings, (b) assessment of factual accuracy of generated texts by 2
experts, and (c) a user study examining the perceived usefulness of
moderation feedback with 15 participants from majority and minor-
ity communities. The following sections offer further details about
each of these stages.

3.2 Author Positionality

Prior research has highlighted how the researchers’ identities may
reflexively address inevitable tensions and bring affinities into per-
spective in studying marginalized communities [61, 82]. Therefore,
we consider it essential to situate this work on marginalized minority
communities in the Global South in relation to the researchers’ posi-
tionality. Among all authors (2 women and 6 men), five were born
and raised in Bangladesh, while the other three were from India. Ex-
cept for one author (who is from a North Indian ethnic background),
all authors belong to the Bengali ethnolinguistic group. Three au-
thors identify as Bengali Hindus (the lead author from an under-
privileged caste in Bangladesh, the rest from a dominant caste in
West Bengal, India), and four authors were born in Muslim com-
munities. In addition to their varied sociocultural perspectives, all
authors’ backgrounds in computer science, with different authors’
prior research with marginalized communities, text mining, and data
science, have informed and guided the motivation and execution of
this study.

4 Corpus Preparation to Understand Minority
Hermeneutics

We collected the corpus through the Asynchronous Remote Com-
munity (ARC) method [63]. Prior research has used this method to
engage with participants when in-person communication is difficult
to arrange due to population distribution [62], stigma [64], or fear
of isolation [97]. Over a month, we nudged discussions from those
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Figure 1: Methods overview.

groups weekly to sustain engagement while allowing flexibility for
participants to share instances of social media posts they found cul-
turally insensitive, about which they have found that the religious
and ethnic majority communities have different perceptions. In do-
ing so, our corpus prioritizes minority hermeneutics—interpretation
of their practices, experiences, values, and beliefs from their own
perspectives, over being shaped or constrained by majoritarian nor-
mative societal views.

4.1 ARC Participants

In this paper, we focus on the religious minority Hindu community

and the Indigenous ethnic minority Chakma community in Bangladesh.

We recruited participants aged 18 years and older by sharing the
recruitment materials and additional information with our personal
networks, through Facebook advertisements, and by reaching out to
participants from our previous studies involving these communities.
We also contacted the administrators and moderators of local Face-
book groups dedicated to these minority communities, asking their
permission to post the call for participation in those groups. We
asked the respondents to the study’s advertisements to self-identify
key characteristics such as gender, caste, age, and their places of up-
bringing and current residence, which prior studies found to have dif-
fering experiences within the Hindu and Chakma communities [77,
90]. Our ARCs with these participants included 11 from the re-
ligious minority Hindu community (7 male and 4 female) and 11
from the Indigenous ethnic minority Chakma community (2 male,
4 female, and 5 did not respond to the question asking their gen-
der). Both ARCs had more members, but those who did not post
at least once in the groups were excluded from the reported counts.
While our religious minority participants came from various parts of
the country, most of our ethnic minority participants were from the
Chittagong Hill Tracts (CHT) region, where most Indigenous eth-
nic minority communities live. Most of our Hindu participants were
from underprivileged scheduled castes (tafsili jati) [84]. In addition
to reflecting the general demographic pattern of Hindu communi-
ties in Bangladesh, the higher representation of participants from
underprivileged castes also resists the Brahminical and casteist in-
terpretations of Hindu beliefs and practices in our corpus.

4.2 Procedure

Similar to previous ARC studies [63, 64, 97], based on our par-
ticipants® preferences, we used a secret Facebook group and a se-
cret WhatsApp group, respectively, to interact with the former and

the latter minority groups. Hosting the ARCs on these online plat-
forms minimized the need to familiarize participants with a new sys-
tem [39, 62]. All participants had existing Facebook and WhatsApp
accounts that they used to participate in the study, thus maintain-
ing platform-related risks similar to those participants regularly as-
sume while using these communication channels. After completing
our informed consent procedure and orienting them with a code of
conduct, we invited them to join the groups. From 25/10/2024 to
23/11/2024, we maintained engagement through weekly elicitation
while allowing for flexibility.

However, a few participants either did not actively engage or ceased
participating after the first couple of weeks in those Facebook and
WhatsApp groups, which is a pattern of attrition and participation
consistent with previous ARC studies [76, 97]. The other partici-
pants responded to our prompts by sharing examples of textual posts,
comments, images, and videos they perceived as insensitive to their
religious and Indigenous ethnic identities, cultures, rituals, and prac-
tices. We specifically sought instances that were often dismissed as
non-problematic by the religious and ethnic majority communities,
as the participants experienced through interacting with friends and
acquaintances in those communities or having their reports of such
content overlooked by content moderation systems on online plat-
forms. We also asked the participants to explain why they found the
contents insensitive, referencing sources such as the scriptures of
the religious minority communities, national and international res-
olutions regarding the rights and concerns of the Indigenous ethnic
minorities, and their lived experiences and understanding of their re-
spective communities. The participants also engaged with and built
upon each others’ responses. The first two authors monitored the
groups to ensure compliance with the code of conduct and asked
follow-up questions to nudge the participants to share additional de-
tails.

Our participants participated in the ARCs using both Bengali and
English. To streamline the corpus, we translated all written commu-
nication into Bengali, the national language of Bangladesh. Partic-
ipants occasionally shared screenshots of social media posts they
considered insensitive. We utilized optical character recognition
(OCR) to convert those images into Bengali text. Similarly, any
videos shared by participants as examples were transcribed into Ben-
gali text. For web URLs provided by participants as instances of
insensitive speech, we transcribed the content into Bengali. We
anonymized all these contents before OCR and transcription. For
common examples of insensitive speech, some participants shared
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links to online repositories containing writings and references ex-
plaining why such remarks are inappropriate. We scraped the web
pages in those cases, excluding non-textual content (e.g., HTML
tags, URLs). While allowing the participants to share screenshots,
URLs, and videos made it easier for them to share the examples of
insensitive speech they encountered, using OCR, transcription, and
cleaning non-natural language components enabled textual standard-
ization, allowing us to convert image-based content into analyzable
text for inclusion in both the RAG corpus and the moderation evalua-
tion pipeline and allowed us to preserve contextually rich, vernacular
examples that participants considered important.

We gathered 53 instances of insensitive speech directed at the re-
ligious minority Hindu community and 79 instances targeting the in-
digenous ethnic minority Chakma community, organizing them into
two separate spreadsheets. Each spreadsheet contains two columns:
one listing examples of insensitive speech and the other explaining
their inappropriateness. Let’s consider the following example text
(later referred as Insensitive Speech Example-1) that Hindu partici-
pants in our ARCs found to be culturally insensitive.

g Fao lersaamR ¢ratety, IS sha=t
s wfea Te= JfS AR orewR o s 5w
orfas 13, IS «I=E o wfy 9131 o &
1T ©I o (1 have been seeing some vendors of
humanism who are going to temples to guard the idols.
I did not bring imaan (faith in Islam) for guarding the
idols, [and] I am not in favor of guarding the idols.
Call [me] if those [idols] need to be broken.)

Since this example text was collected from the post of a user
belonging to the religious majority, it reflects their cultural value
and belief: the prohibition on idol worship in Islam. In contrast, in
the Hindu faith, idols are viewed as a medium for worship. Con-
sequently, a few of our participants pointed out the aforementioned
text that was recently well-circulating in the Bangladeshi social me-
dia sphere as insensitive speech. They also explained why they con-
sider it culturally insensitive from different angles. For example,
while some participants explained the relevance of idols in Hindu
rituals based on references from Hindu scriptures, some others pre-
sented arguments informed by their observations of social practices
in different religions. For example, an ARC participant shared the
following explanations for why the above text was insensitive based
on different schools of thought within Hinduism:

There are many formless-theist communities in the world
who do not believe in incarnations and do not require
any tangible deity or symbol for worship or spiritual
practice. Again, some who accept formless-theism
still acknowledge the necessity of symbols (such as
Om, the Dharma Wheel, or the Star of David) in cer-
tain contexts. While they do not accept an external
image/idol of God, they still mentally envision some
form or symbol within their hearts. On this matter,
Swami Vivekananda once said: “Two types of people
do not require forms or idols—those who have no con-
cern for religion at all, and the enlightened beings who
have transcended all such states. We exist somewhere
in between these two conditions. Internally and exter-
nally, we need some form of an idol or image.”
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We emphasize that our work does not seek to evaluate different
theological beliefs and practices. Rather, we aim to highlight how
various cultural, religious, and social values influence people’s per-
ceptions of content sensitivity and the roles they expect moderators
to fulfill. Hence, we will use this corpus of speech the minority com-
munities viewed as culturally insensitive and the rationales behind
such perceptions to inform LLM-based automated content modera-
tion.

S Mod-Guide: Persona-based LLM Prompting
and RAG Pipeline for Moderation Feedback

This paper investigates the effectiveness of large language models
(LLMs) in moderating insensitive speech directed at religious and
ethnic minority communities in Bangladesh, which is often based
on stereotypes and deepens the cultural divide between the majority
and minority communities in the country. Drawing on Du Bois [22],
we refer to that as the veil. We examined OpenAI’s GPT-4 in par-
ticular. Additionally, we explore retrieval-augmented generation
(RAG) [59] based on community insights, with content moderation
in mind. We chose RAG over other approaches, such as few-shot
prompting or fine-tuning, to ensure interpretability, adaptability, and
alignment with community perspectives. RAG allows generated
texts to be directly grounded in retrievable, community-authored
explanations, preserving traceability and cultural nuance [18]. Un-
like fine-tuning, which embeds knowledge irreversibly into model
weights, RAG supports modular updates as community insights evolve.
This approach preserves traceability, allows the corpus to evolve as
communities contribute additional insights, and supports modular
updates as new examples are collected. Although RAG introduces
computational overhead compared to simple prompting, it offers an
interpretable mechanism for integrating minority hermeneutics into
moderation feedback, which aligns with the exploratory and design-
oriented objectives of this work. We prompted these systems in dif-
ferent ways to shape their responses by defining their role as content
moderators (e.g., nurturing, governing) and persona (e.g., teacher,
judge) to build a moderation feedback system called “Mod-Guide.”

In this section, we will first discuss the different prompts, then
explain the LLM and RAG pipeline, and finally discuss the interface
with examples.

5.1 Prompting

We used five prompts in the pipeline. In all these cases, the objec-
tive was the same: to understand whether a piece of text would po-
tentially be perceived as hate speech, hurtful, or culturally sensitive.
Those prompts featured different roles of moderators of online inter-
action. Drawing on Seering et al. [83], we considered five different
roles content moderators play in moderating online communities,
such as (a) nurturing and supporting, (b) overseeing and facilitat-
ing, (c) governing and regulating, (d) managing, and (e) fighting for
communities. Compared to other metaphoric conceptualizations of
moderation [65, 102], this offers a computationally tractable and in-
teractionally diverse set of metaphors that can be readily translated
into promptable roles for language models. Hence, based on Seer-
ing et al.’s recommendations [83], for these different roles, we chose
the metaphors teacher, mediator, judge, representative, and protec-
tor, respectively.
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Prompt 1: As a supportive and nurturing content moderator like
a teacher, evaluate whether this text could be perceived as hate
speech, hurtful, or culturally insensitive. Consider if it marginal-
izes, reinforces stereotypes, or excludes any group. If so, provide
constructive feedback by identifying concerns, explaining why they
may be problematic, and suggesting more inclusive alternatives.
Prompt 2: As amoderator who oversees and facilitates like a medi-
ator, consider whether this text could be perceived as hate speech,
hurtful, or culturally insensitive during interactions between ma-
jority and minority communities based on religion and ethnicity.
If it might escalate tension, explain different perspectives and sug-
gest revisions that promote respectful and inclusive dialogue.
Prompt 3: As a content moderator who governs and regulates like
a judge, determine whether this text constitutes hate speech, is
hurtful, or culturally insensitive. Decide if it violates principles
of fairness, dignity, or inclusivity, and provide a clear ruling to
retain or remove the content.

Prompt 4: As a moderator familiar with religious and ethnic rela-
tionships in Bangladesh, assess whether this text represents the
country’s broader societal values. Consider if it could be per-
ceived as hate speech, hurtful, or culturally insensitive to mem-
bers of any community. Provide feedback by highlighting poten-
tial issues and suggesting ways to foster respectful and inclusive
dialogue.

Prompt 5: As a content moderator who protects, advocates, and
looks out for religious and ethnic minorities like Hindus and Chak-
mas, examine if this text could be perceived as hate speech, hurt-
ful, or culturally insensitive to them. Instead of reinforcing stereo-
types, erasing voices, or contributing to harm against these marginal-
ized groups, explain how it can center respect and inclusion.

We added an extra instruction to all five prompts—*“Answer briefly
and translate that in the Bengali language before responding”—after
observing that the LLMs, with or without RAG, tended to respond
primarily in English even when prompted in Bengali. This addition
was intended to ensure that the feedback would be generated in Ben-
gali.

5.2 LLM and RAG Pipeline

The RAG and LLM pipeline consisted of a data preprocessing and
ingestion phase, a prompting step to define the tasks of the content
moderator, and the LLM or RAG component (see Figure 2). We
developed and operated the pipeline between December 2024 and
January 2025.

To evaluate the LLM and RAG, we designed five prompts, as de-
scribed above, that embodied distinct moderator metaphors, each
reflecting a different moderation approach. The off-the-shelf LLM
we are using is GPT-4 from OpenAl, which supports controlled re-
trieval, where it is up to the language model to decide if retrieval
is necessary. We designed the script to do forced retrieval using a
separate system prompt, where we used the five prompts outlined
earlier to define the persona of the LLM-based content moderation
(see path 1 in Figure 2). Under the hood, OpenAl generates a small
query based on the prompt that triggers a retrieval tool call. Next,
we generated evaluation questions, where we asked if an example
from our corpus could be considered insensitive speech by religious
or ethnic minorities. Then, we asked these evaluation questions to
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Figure 2: Prompt, LLM, and RAG pipeline.
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the LLM (see path 2 in Figure 2). The retrieval tool performs a sim-
ilarity search against this query in the vector store, which contains
embeddings of knowledge collected from the minority communities.
The corpus collected from the minority communities provides addi-
tional cultural and situational context, along with explanations of
why these communities perceive certain example texts as insensi-
tive. The retrieved information is then processed based on the sys-
tem prompt from earlier to generate an output. The data is then pro-
cessed through a pipeline to build a retrieval-augmented generation
(RAG) component using LangChain, allowing the LLM to reference
it during inference. Based on the general length of our pairs of ex-
ample text and the corresponding explanation of that being cultur-
ally insensitive, we used recursive character text splitting with chunk
size=512 and k=2 so that the embeddings do not lose context, and
both the text and the explanation are retrieved if the pair is split be-
tween two different chunks. We asked the same evaluation questions
to the LLM (see path 3 in Figure 2), but this time, it could utilize
RAG. Thus, we obtained two sets of responses—one from the stan-
dalone LLM and another from the RAG-enhanced system, enabling
a comparative evaluation of their effectiveness.

5.3 Interactive Interface

We developed an interactive user interface (UI) around our LLM
pipeline, enabling users to receive feedback on their texts while lever-
aging RAG based on the community-sourced corpus and exploring
different moderation personas without requiring prior knowledge of
these mechanisms and prompt engineering. We chose a web-based
interactive interface due to its platform independence and ease of
access across different devices. First, we created a high-fidelity pro-
totype in Figma, which served as a blueprint and guided the UI’s
development process and maintained design consistency throughout
the project. Then, we developed the final interface using React.js. Its
use in the front end enhances performance due to the framework’s
virtual document object model and facilitates seamless updates, re-
sulting in a dynamic and responsive user experience. In the back
end, we handled server-side logic and API calls using Python.

We refer to the integrated platform—comprising the corpus, the

LLM pipeline with RAG and prompt variations, and the user interface—

as Mod-Guide. This tool assists users in online communities to
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identify and avoid culturally insensitive speech, simulating the role
of a content moderator. For instance, when we input the Insensitive
Speech Example-1 discussed in the previous section and asked Mod-
Guide to respond in the role of a mediator, it generated the Bengali
feedback shown in Figure 3 that translates as:
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Figure 3: Feedback from Mod-Guide’s in Mediator role.

This text could be regarded as insensitive or offensive
to certain religious or cultural communities, specifi-
cally those who value idol worship or temple practices.
The statement dismisses the significance of idol pro-
tection and implies disrespect towards the faith associ-
ated with these practices. To defuse potential tensions,
itis advisable to rephrase the statement to focus on pro-
moting mutual respect for diverse beliefs. A possible
revision could be emphasizing the importance of un-
derstanding and respecting each other’s religious prac-
tices, fostering a community where diversity in beliefs
can coexist peacefully.

This feedback adopts some high-level insights and similar word-
ing from the explanations provided by the minority community mem-
bers in the corpus. However, the questions remain whether the re-
sponses become significantly different if LLM uses RAG based on
the community-sourced corpus, whether the responses are factually
correct, and how users from minority and majority religions and eth-
nicities find those responses useful.

6 Evaluation of Moderation Feedback

We adopted a mixed-method evaluation approach in our study, where
we considered content moderation persona, whether the community
knowledge corpus was provided for RAG, and which LLM model
was used as independent factors. We compared the effectiveness
of their combinations in moderating insensitive speech toward reli-
gious and ethnic minorities, in other words, addressing hermeneu-
tical differences of these communities with the majority religious
and ethnic group in the country. We evaluated the moderation feed-
back based on three criteria by asking the following questions in the
evaluation phase:
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(1) Difference in textual response:

(a) How do various prompts impact text generation in LLM-based
content moderation?

(b) How does the use of RAG impact text generation in LLM-
based content moderation?

(2) Factual accuracy: Is the feedback generated in LLM-based
content moderation, both without and with RAG, factually ac-
curate?

(3) Users’ perceived usefulness: How do people’s demographic
backgrounds and the persona of LLM-based content moderation
influence the perceived usefulness of the feedback?

6.1 Quantitative Analysis of Textual Differences

To analyze textual differences and similarities between responses
generated by off-the-shelf LLM GPT-4 and those generated through
RAG with community-generated knowledge as context, we employed
BERTScore, which leverages contextual embeddings to measure to-
ken similarity to offer strong alignment with human judgments and
greater robustness to adversarial paraphrases compared to traditional
text generation metrics [103]. However, there is a dearth of research
on whether a metric like BERTScore works well for low-resource
languages like Bengali. While future NLP research should look into
the cross-language applicability of this metric, our evaluation tried
to address this concern by using a multilingual BERT model.

To compare whether and how five different content moderation
personas (reflected through prompts) influence the generated responses
from the LLM, we analyzed the responses’ variance across different
prompts. First, we used the distiluse-base-multilingual sen-
tence encoder to find the embeddings of the responses generated for
prompts reflecting different moderation personas. Then, we calcu-
lated the Euclidean distances of the embeddings for different pairs
of prompts. Based on whether or not the distance scores maintained
normality in the Shapiro-Wilk test, we used a series of parametric
paired t-tests or non-parametric Wilcoxon signed-rank tests, respec-
tively, to compare responses for ten pairs of persona prompts based
on the Euclidean distances of their embeddings.

In answering evaluation question 1(a), our null hypothesis was:
“There is no significant difference in the text generated by LLMs,
measured by the Euclidean distance of their embeddings, for prompts
reflecting different content moderation personas.” With Bonferroni
correction, our results for all pairs of prompts (p < 1072%) provided
strong evidence that there is a significant difference in the text gener-
ated by LLMs for prompts reflecting different moderation personas.

To answer question 1(b), we tested the influence of the use of
RAG on text generation using a similar approach. Since the dis-
tances of the embeddings of texts generated by off-the-shelf GPT-4
from OpenAl and with RAG did not follow a normal distribution,
we used the Wilcoxon signed-rank test. Assuming a null hypothesis:
“There is no significant effect of using RAG on the responses of the
LLMs”. We obtained p = 3.3e — 54, based on which we rejected
the null hypothesis, i.e., we found strong evidence of RAG based on
community-sourced corpus affecting the generated texts.
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6.2 Qualitative Analysis Responses’ Factual
Accuracy

There exist few studies focused on evaluating the factual accuracy of
long-form text generated by LLMs without any human effort [67].
Due to considerable disparities in resources and online presence,
these approaches remain unusable in non-English languages, like
Bengali. Moreover, especially in contexts of minority religious faiths
and Indigenous ethnic practices, where interpretations are crucial,
evaluation of models by human participants is more appropriate.

6.2.1 Expert Participants. We recruited two expert participants, one
from each minority community, through convenience sampling [26].
The expert (E1) from the religious minority Hindu community was
35 years old man. He was from an underprivileged Hindu caste. He
obtained a (kabyotirtho) certification from the Bangladesh Sanskrit
and Pali Education Board, demonstrating his extensive knowledge
of Hindu beliefs and scriptures. In addition, he was knowledgeable
about local Hindu practices and experiences through his role as an
administrator and moderator, and his involvement in various social
welfare initiatives aimed at religious minorities. His background
positions him as an expert who could evaluate Mod-guide’s outputs
without reinforcing casteist perspectives. The expert (E2) from the
ethnic minority community was a 32-year-old man. He has worked
on issues affecting Indigenous ethnic minority communities. Be-
sides collaborating with community members in the CHT region
and the activist groups in the national capital, he has also served as
a young representative on Indigenous rights at international venues.
These participants did not take part in the earlier corpus genera-
tion phase but were well familiar with their respective communi-
ties’ cultures. We presented them with ten randomly selected posts’
responses and explanations generated in LLM-based content mod-
eration, from GPT-4 without and with RAG, and inquired whether
the explanations were factually accurate and where the LLMs’ re-
sponses were lacking. Following sharing the random sample of re-
sponses as a spreadsheet, the first author regularly communicated
with the participants asynchronously over a week. To analyze their
feedback, we used iterative thematic coding, which is widely used in
human-computer interaction research [12, 66]. In this approach, we
identified codes—identities, groups, topics, or issues that appeared
repetitively across multiple iterations. We later aggregated the re-
lated codes into broader themes.

6.2.2 Expert Feedback. The expert participant from the religious
minority community (E1) believed that the information provided in
most responses from the LLMs was somewhat correct. However,
the responses obtained directly from GPT-4 were shallow compared
to the ones generated by augmenting its responses through retrieval
from community-sourced data. For example, for the statement “Hin-
dus should not worship idols”, participant E1 said,

I find the first response [from GPT-4] to somewhat
lack in depth. It correctly emphasizes the need to re-
spect and understand religious beliefs but does not ad-
dress the central topic [role of idols]. [But,] the sec-
ond response: (“Some Hindus consider idol worship
as a way of expressing their devotion, a means of con-
necting their souls to God.”) [from RAG] provides
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a more nuanced perspective. While the verse men-
tioned is correct, it is translated literally. It could be in-
terpreted to recognize different theological traditions
within Hinduism regarding the role of idols in worship-
ing.

The expert acknowledged that there are a few schools of Hindu
faith that do not permit idols in worship, but a general critique of that
comes across as culturally insensitive for Hindu minorities, which
is correctly mentioned in responses from LLM without and with
RAG. His explanation highlights that while the cited Vedic verse
mentioned in the text is accurate in a literal sense, its interpretation
varies across different Hindu sects. Therefore, prescribing a singular
viewpoint, especially by someone who is not a religious minority,
can be insensitive to diverse Hindu cultures.

However, in several other instances, the RAG based on the community-

sourced corpus improved the information quality of the responses,
which directly influenced the accuracy of the feedback. For exam-
ple, evaluating the following statement made by a user from Bengali
majority community: “Those of you who are demanding that the
army be removed from the hills, you don’t even know that you don’t
know much!”, GPT-4 decided that “This text does not constitute hate
speech, is not hurtful, nor culturally insensitive.” Our expert from
the ethnic minority community (E2) argued that this response does
not take the experiences and perspectives of the Indigenous ethnic
communities in the Chittagong hill tracks. In contrast, the response
from LLM with RAG was “This statement could be perceived as dis-
missive or condescending towards those requesting the withdrawal
of forces from hill areas. ... For a more respectful dialogue, con-
sider framing it as a call for understanding and dialogue rather than
an outright dismissal: Those who are demanding to withdraw the
army from the mountains, let us all discuss together and try to know
more.”, which E2 found more insightful and accurate.

In some cases, LLM, without and with RAG, fails to capture dif-
ferent problematic aspects of insensitive speech. Let’s consider the
following screenshot (see Figure 4) shared by one of our ARC par-
ticipants. After applying OCR on this, we retained only the text
but not the image. The text uses the term, ‘upojati’ ("So&fS", lit-
eral translation: sub-nation), which is often used as a slang for the
ethnic minorities, which they find offensive [91]. Participant E2
also focused on the text’s use of vulgar language (“cdi” is a Roman-
ized Bengali internet slang that means “fuck”) targeted at Indigenous
women. LLM’s response discussed and reflected on the former issue
and recommended the “use [of] precise and accepted terminology
that members of these communities identify with. In Bangladesh,
‘Adibashi’ or ‘Indigenous Peoples’ might be more appropriate than
‘upojati’.” However, neither the use of GPT-4 nor the use of RAG
on top of that focused on the latter issue. This shortcoming might
be a result of not having enough context, possibly obtainable from
the image or LLM’s systematic overlooking of Indigenous women’s
concerns.

6.3 Quantitative Analysis of Perceived Usefulness

We conducted a quantitative evaluation to understand whether indi-
viduals from various religious and ethnic backgrounds find the feed-
back from LLM-based content moderation useful and which persona
they prefer.
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Figure 4: A screenshot shared by an ARC participant.

6.3.1 User Study. For this phase, we recruited a combination of
15 participants from the ethnic and religious majority and minor-
ity communities, such as Bengalis, non-Bengali Indigenous groups,
Muslims, and Hindus. Among those from the minority communi-
ties, three participants also took part in the corpus collection or fac-
tual accuracy evaluation phases. For a randomly selected sample of
texts, we presented the participants with feedback from LLMs with
five different content moderation prompts. To avoid possible incon-
sistencies among participants in interpreting Likert scale levels [19],
we asked them to identify the feedback they perceived to be the most
useful and explain why they found those more useful compared to
others. We analyzed how the demographic background and the con-
tent moderation persona adopted (reflected through the prompts) in-
fluence the perceived usefulness of the LLMs’ feedback using the
x? test with a = 0.05.

6.3.2  Usefulness of Persona and RAG-based Feedback. In two sepa-
rate tests focusing on demographic attributes, religion and ethnicity,
we considered Bengali Hindus as the religious minority and ethnic
majority, respectively. Based on our data, we did not find evidence
(p = 0.596) to claim that there is a significant relationship between
the participants’ religious identity and responses from which per-
sona they found useful. However, our data suggested that there is a
relationship (p = 0.0104) between whether the participants were
from the ethnic majority or the ethnic minority Indigenous com-
munity and the response resulting from which moderation persona
prompt they found the most useful. We allowed the participants to
include small notes about the criteria they considered to decide the
“usefulness” of the responses. Our participants shared that they pri-
oritized factors such as empathic and inclusive language, promoting
education and contextual awareness, etc. However, deeper qualita-
tive studies in the future should look into whether and how differ-
ent linguistic and informative aspects are prioritized across demo-
graphic variations.

7 Limitations and Future Work

While this paper makes conceptual, technical, and methodological
contributions to the design of culturally sensitive moderation sys-
tems, it has several limitations that warrant acknowledgment. Since
this paper is one of the initial outcomes of a larger project focused on
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minority communities’ experiences with computing technologies in
the Global South, we also outline later in this section how we plan
to address those shortcomings in our future work.

First, the dataset used in Mod-Guide, while rich in contextual
and narrative depth, is relatively small. Such a limited size may
constrain the diversity of insensitive speech patterns captured and
reduce the recall capacity of semantic retrieval in the RAG pipeline.
It may also limit generalizability to other minority communities in
Bangladesh or to other communities across the Global South. Sec-
ond, the effectiveness of RAG depends on the semantic quality of
retrieved documents. While we used multilingual embeddings to
enable retrieval in Bengali, concerns about uneven embedding qual-
ity remain, especially given the low-resource status of Bengali in
NLP. Moreover, our RAG-based pipeline’s computational overhead
for tasks like vector stores, chunking, and retrieval tools may not
be readily available in resource-constrained settings. Third, the fac-
tual accuracy assessment in our paper involved only two expert par-
ticipants, which, while insightful, may introduce subjectivity and
reduce the evaluation’s robustness. Similarly, the usefulness study
involved a small participant pool, and demographic coverage was un-
even across ethnic and religious groups. Our future work to improve
the tool will expand these evaluations by including more diverse par-
ticipants, and employing both qualitative and quantitative measures
(e.g., inter-rater reliability, Likert ratings) to triangulate user percep-
tions. Fourth, we also acknowledge our concerns about using OCR
to extract Bengali text from screenshots submitted by participants.
While it was necessary to incorporate real-world content that often
circulates as images, this process may introduce errors or mistran-
scriptions (e.g., OCR limitations on low-resolution images).

Finally, while our focus on two specific minority communities in
Bangladesh—Hindus and Chakmas enables rich, context-aware anal-
ysis, it limits the applicability of findings to other religious, ethnic,
or linguistic groups. Additionally, even within the focal commu-
nities, there exists internal diversity (e.g., caste, gender, regional
dialects) that our sample may not fully capture. Thus, while our
system demonstrates promise, its outputs should be interpreted as
community-situated rather than universally representative. We also
recognize that moderation decisions, even when community-informed,
may reproduce power asymmetries or unintentionally essentialize
minority identities. Interpretations of what constitutes “insensitive”
speech are context-dependent and contested. Thus, while Mod-Guide
foregrounds community narratives, it must remain adaptable to re-
vision, contestation, and critique through ongoing participatory de-
sign. Our future work will expand the community-sourced corpus
to include additional minority groups in Bangladesh, including Bud-
dhist and Christian communities, as well as other Indigenous ethnic
minority groups, such as the Marma and Santal peoples. Further
engagement within the Hindu and Chakma populations could also
examine intra-community variations, as identified above, to avoid
essentializing minority perspectives. Additionally, future studies
should investigate how corpus size and composition affect the qual-
ity and contextual accuracy of RAG-generated feedback in faith-
based and culturally sensitive cases.
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8 Discussion

We have described how we collaborated with two religious and eth-
nic minority communities in Bangladesh to collect a corpus of insen-
sitive speech, how we used different moderation personas to gener-
ate decisions and feedback on those examples of insensitive speech
from GPT-4 model and how we informed the LLM through a RAG
pipeline regarding the community-sourced explanations about why
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recognize the need for future work to expand and diversify these cor-
pora through sustained community partnerships, we emphasize that
datasets and corpora obtained through collaboration with minority
communities should be viewed as prototypical examples that can be
enhanced rather than dismissed due to their small size.

8.2 Content Moderation for Restorative Justice

those examples might come across as culturally insensitive for Bangladeshi g.holars in social computing have studied content moderation on

Hindu and Chakma communities, and evaluated the impact of differ-
ent persona and community-sourced explanation on LLMs’ text gen-
eration and their truthfulness and usefulness for users from different
demographic backgrounds. Mirroring that flow, in this section, we
are going to reflect on how we should regard the sizes and labeling of
datasets collected through collaboration with minority communities,
why moderating, be it human-run or LLM-based, content related to
minority identities and experiences should adopt a restorative justice
perspective, and how algorithmic audits should adopt explainability
measures besides their focus on biases.

8.1 Rethinking Dataset on Minorities as
Prototypical Resources

Compared to the vast amount of data traditionally used to train LLMs [11],

our corpus sourced from religious and ethnic minority communities
could be characterized as quite small and could be viewed as a limi-
tation of our study. However, dismissing these community contribu-
tions solely because of their size risks reinforcing epistemic erasure,
where marginalized voices are systematically excluded from the de-
velopment and evaluation of Al systems. This exclusion aligns with
what Appadurai [7] describes as ideocide—the systematic annihila-
tion of the ethical and epistemological frameworks of marginalized
groups. For example, how the interpretation and labeling of a text
about idol worship as “culturally insensitive” vary between Hindu
communities and Muslim communities based on their distinct reli-
gious values and beliefs. Let’s think of moderation in online commu-
nities as determining the permissibility of content based on morality
and ethics. We need to consider whose ethics [2] are being guided
by and whose intelligence the Al systems, particularly those used for
content moderation, reinforce [3]. In the context of LLM training,
the scarcity of data from minorities is not just a technical issue but
also a reflection of broader socio-political inequalities in knowledge
production. Recognizing the limited number of example social me-
dia posts in our corpus that Bangladeshi religious and Indigenous
ethnic minorities find culturally insensitive, along with the corre-
sponding explanations of these views in our corpus, we argue that
the size of such a community-sourced corpus should be viewed as
a “prototype-based category” [55]. This definition should not de-
pend on straightforward rules about whether a corpus is categorized
as big or small based on the number of data instances; instead, it
should focus on their prototypical members—similar to how a robin
is a better example of a bird than an emu or penguin. Similarly, a cor-
pus that includes examples of culturally insensitive speech accord-
ing to a wider range of religious minorities, such as Hindus, Bud-
dhists, and Christians, as well as Indigenous ethnic groups like the
Chakma, Marma, Garo, and Santhal, would be a more comprehen-
sive community-sourced corpus compared to ours, which focuses
solely on the Hindu and Chakma communities. Therefore, while we

online platforms as an exercise of discipline and punishment [21,
83]. However, recent works with Bangladeshi minority communi-
ties recommend that the design and interaction in online communi-
ties should promote restorative justice—an approach to addressing
harm that emphasizes healing, accountability, and repairing rela-
tionships rather than focusing solely on punishment [100]. This
approach involves dialogue among those affected—victims, offend-
ers, and the community to foster understanding and find mutually
agreed-upon resolutions. It can provide an effective framework for
addressing the lack of intercultural knowledge between majority and
minority groups and for building trust among them. Rather than re-
lying on stereotypes and overlooking hermeneutical differences, our
approach to educating the majority religious and ethnic groups about
the perspectives and experiences of minorities can help build trust
and lead toward restorative justice. Recognizing diverse epistemolo-
gies instead of privileging majority worldviews through LLM-based
content moderation, community-sourced corpora, such as those used
to refine LLM-based moderation for reflecting the perspectives of
Bangladeshi religious minority Hindus and Indigenous ethnic mi-
nority Chakmas, can act as a form of restorative intervention, fos-
tering intercultural knowledge-sharing and shared meaning-making.
Additionally, different moderation personas (e.g., teacher, mediator)
would facilitate conversations within the community and enhance
cultural awareness instead of viewing users from different religions
and ethnicities through a dichotomy of victims and offenders. By
integrating restorative justice with Al ethics, social computing re-
search can conceptualize LLM-based content moderation systems
that protect minority groups, repair epistemic harms, and foster on-
line communities that promote trust and reconciliation across cul-
tural and religious veils.

8.3 Bias to Explainability in Algorithmic Audits

Scholarships across different fields, including human-computer in-
teraction, social computing, algorithmic fairness, and natural lan-
guage processing, have increasingly focused on biases in language
technologies [20, 70] and how they manifest in downstream appli-
cations [37, 56]. Many of these studies use algorithmic audits as
a methodological approach—empirical investigations that examine
public algorithmic systems for potentially problematic behaviors [10].
A central criterion these audits focus on is bias, defined as the sys-
tematic and unfair discrimination by computing systems against cer-
tain individuals or groups in favor of others [29], with mitigation
often framed as the relevant objective. When algorithmic systems,
like LLM, are used in content moderation, it is essential to identify
and address biases related to religious and ethnic identities. How-
ever, ensuring transparency in decision-making is equally important.
Without clear explanations for moderation choices, perceptions of
favoritism may arise. For example, Das and colleagues found that



COMPASS ’26, July 27-31, 2026, Virtual Event

given the postcolonial relationship among different religions in the
region, when there is not enough clarification, users from Bengali
Hindu communities accused Quora’s moderation of favoring Ben-
gali Muslims, while users from the latter group believed the plat-
form’s decisions were influenced by and privileged the former [21].
This challenge of addressing biases with adequate explanation be-
comes even more complex when moderating discussions about reli-
gious beliefs and cultural rituals. Given this complexity, automated
content moderation systems that rely on Al should incorporate prin-
ciples of explainable Al [23, 69] to improve interpretability. Keep-
ing this concern in mind, in our study, we chose RAG compared
to few-shot prompting since the former offers greater transparency
and scalability, especially in low-resource settings where examples
must remain auditable and epistemically accountable [9, 24]. Fur-
thermore, audits should broaden their focus beyond identifying and
addressing bias to also include explainability metrics [41], particu-
larly in the downstream applications of LLMs, like in content mod-
eration.

9 Conclusion

Our paper develops a corpus of insensitive speech that may not be di-
rectly hostile like hate speech but reinforces stereotypes, disregards
cultural values or marginalizes the perspectives of religious and eth-
nic minorities in Bangladesh. Through a tool we developed called
“Mod-Guide” that poses different moderation roles and personas, we
evaluated whether augmenting GPT-4’s text generation by retrieving
information from community-sourced explanations can provide sig-
nificantly different, accurate, and more useful insights for users from
diverse backgrounds compared to directly using OpenAl’s GPT-4.
While our approach offers a promising pathway for fostering plural-
istic understanding among religious and ethnic majorities and mi-
norities, challenges remain, including the scalability of incorporat-
ing diverse perspectives. Future work should examine reasoning in
RAG, explore interdisciplinary collaborations, and expand partici-
patory approaches to improve alignment between LLMs and other
marginalized minority communities.
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