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Large language models (LLMs) offer vast computational power yet consistently overlook 
cultural nuance. While often praised for bridging language gaps, recent research highlights a 
deeper issue: LLMs largely reflect Anglophone and Western European cultural values, which are 
embedded in the English-dominated data that shapes them. This review synthesizes findings 
from 2020 to 2025 to assess the implications of this technological spread for vulnerable groups, 
particularly immigrants, refugees, and international students, who must navigate adaptation 
within English-centric and Western communication norms.
Using insights from cultural cognition and identity-protective cognition theories, the analysis 
identifies five central forms of bias: (1) representational bias that undermines non-Western 
perspectives; (2) linguistic inequity that amplifies challenges for low-resource languages; (3) 
authenticity failures, with stereotypes substituting for real cultural understanding; (4) identity 
erosion as users’ voices are homogenized; and (5) reliance on LLMs that may hinder independent 
language skill development. This “equity paradox” means that the very systems marketed as 
democratizing global communication can actually deepen exclusion and sameness among 
those who are most reliant on them.
Ultimately, the review concludes that current governance and policy efforts are insufficient to 
address the underlying power dynamics that shape LLM development. Authentic cross-cultural 
communication, the evidence suggests, depends on human qualities absent in LLMs: presence, 
vulnerability, and the openness to change that underpins accurate understanding. In an AI-
mediated world, recognizing the limits of these tools is not a matter of nostalgia, but rather 
necessary wisdom.

KEYWORDS  large language models; cross-cultural communication; cultural bias; identity 
formation; linguistic diversity; cultural homogenization; digital equity; AI governance; cultural 
representation

Introduction: The Seduction and Betrayal of Technological Solutions

Current discussions regarding large language models (LLMs) frequently resemble 
a form of technological idealism, as innovative computer tools pledge to eliminate the 
obstacles that have historically hindered human interaction across linguistic and cultural 
divides. The narrative is compelling: LLMs such as ChatGPT and Claude serve serve as 
democratic instruments, accessible worldwide, enabling nonnative speakers to communicate 
with unparalleled fluency, tapping into cultural insights and linguistic refinement that were 
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once attainable solely through extensive immersive experience (Hu et al., 2025; Khan et al., 
2025; Li et al., n.d.; Lo et al., 2024; Mao et al., 2025; Zangana et al., 2025; Zhang et al., 2025; 
Zohouri et al., 2024). From this perspective, LLMs appear almost redemptive, promising to 
correct historical inequities in global communication systems.

Yet this narrative conceals more troubling realities. Behind the outer layer of 
acceptable performance metrics lies an intrinsic bias that privileges certain viewpoints, 
assessments, and communication styles while marginalizing others (Ashraf et al., 2025; 
Keleg, 2025; Shan et al., 2024). The algorithms being implemented worldwide were 
predominantly trained on English-language materials authored mainly by Anglophone 
writers, reflecting Anglophone concerns. When asked to respond as an “average person,” GPT 
models align most closely with cultural values from Finland, Andorra, and the Netherlands 
while showing the greatest distance from Jordan, Libya, and Ghana (Dairo, 2005; Ferdaus et 
al., 2024; Liu et al., 2025; Lyu & Du, 2025). These are not random variations. They represent 
systematic underrepresentation of non-Western moral frameworks, epistemologies, and 
ways of understanding the world.

For newcomers navigating life in a foreign country, whether immigrants working to 
understand local social norms, refugees grappling with cultural adaptation, or international 
students seeking connection in unfamiliar settings, these technologies present a particularly 
intricate set of challenges. On one side, they provide authentic support: instruments that 
aid non-native speakers in generating more fluent English, alleviating the cognitive load of 
translation, and expediting language acquisition (Ehrensberger-Dow et al., 2020; Elgamal, 
2019). Conversely, these instruments may consistently misrepresent local culture, perpetuate 
detrimental preconceptions, standardize unique expressions, and foster dependencies 
that compromise the independent proficiency necessary for enduring cultural adaptation 
(Algouzi & Alzubi, 2023; Sahebi & Formosa, 2025).

This article presents a semi-systematic review of the dual promise and peril of large 
language models in cross-cultural contexts. The review synthesizes emerging evidence 
showing that cultural bias is not a peripheral flaw but an intrinsic feature of these systems to 
shaped by their training data, parameter settings, optimization processes, and institutional 
uses. Across the literature, a consistent pattern emerges regarding who benefits from current 
deployment practices and who disproportionately bears the costs. At its core, this review 
asks what genuine equity would require in AI-mediated communication.

Semi-Systematic Review Rationale and Methods 

Rationale

This review employs a semi-systematic methodology, which combines the 
transparency and reproducibility of systematic review protocols with the methodological 
flexibility necessary for research in rapidly evolving domains (Snyder, 2019). Unlike fully 
systematic reviews that require exhaustive search strategies and rigid adherence to 
all PRISMA guidelines (Page et al., 2021), semi-systematic approaches allow targeted 
inclusion criteria and pragmatic methodological adjustments, particularly well-suited to 
interdisciplinary and fast-moving fields such as large language model research (Snyder, 
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2019). This approach balances the need for evidence synthesis rigor with recognition that 
emerging research areas may benefit from focused rather than exhaustive searches.

Inclusion Criteria

Studies were eligible for inclusion referred to the following pre-specified criteria, 
established following PRISMA 2020 guidelines (Page et al., 2021):

Publication timeframe: Studies published between January 2020 and October 2025 
were included. This five-year window captures the post-ChatGPT era beginning with its 
November 30, 2022 release (OpenAI, 2022), which catalyzed unprecedented research interest 
in generative artificial intelligence. All literature searches were conducted across multiple 
databases, including Google Scholar, Web of Science, and arXiv. While Web of Science and 
arXiv returned relevant results, Google Scholar provided the most comprehensive coverage 
by aggregating papers from diverse sources relevant to this research. A five-year search 
window captures rapidly evolving fields through major technological transitions while 
remaining operationally feasible. (Hamman et al, 2017).

Study design: Empirical research was prioritized, including studies examining 
LLM use in cross-cultural or multilingual contexts as well as broader research on cross-
cultural communication and cultural adaptation challenges that provide contextual 
framework for understanding LLM applications. Preprints and conference proceedings 
were included to ensure a comprehensive and timely evidence synthesis in this rapidly 
evolving field. In fast-moving technological domains, traditional peer-review timelines 
can render findings outdated before publication (Suh, 2025). The COVID-19 pandemic 
established clear precedent for incorporating preprints into systematic reviews, showing 
that preprints exhibit minimal discrepancies from their later published versions and can 
improve estimate precision while enabling timely dissemination (Tennant et al., 2018). In AI 
research in particular, platforms such as arXiv now serve as central communication channels 
(Suh et al., 2025), and major institutions and technology companies routinely use preprints 
to accelerate knowledge transfer (Suh et al., 2025; Sætra, 2024). This practice aligns with 
open science principles that prioritize transparency, accessibility, and rapid dissemination 
(Tong et al., 2025; UNESCO, 2021), which are particularly critical for evidence synthesis 
addressing contemporary AI applications where policy and practice decisions require 
current information (Yang et al., 2025). Conference proceedings were included because 
they provide access to emerging research and diverse perspectives that may not yet appear 
in journal publications, helping reduce publication bias and identify relevant evidence 
comprehensively (Scherer & Saldanha, 2019). Empirical evidence to defined as research 
based on observed and measured phenomena rather than theory or belief (Cook et al., 1997) 
to provides the strongest foundation for evidence synthesis and supports valid conclusions 
regarding real-world applications (Gopalakrishnan & Ganeshkumar, 2013; Tong et al., 2025). 
This inclusive approach allows integration of relevant contextual research that clarifies the 
cultural and communicative dimensions within which LLMs operate, while maintaining 
methodological rigor through systematic screening and quality assessment procedures.

Language: English-language studies were included due to resource constraints. This 
pragmatic inclusion criterion reflects the semi-systematic approach, which balances rigor 
with operational feasibility (Snyder, 2019; Pham et al., 2005), though the resulting language 
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bias is acknowledged as a study limitation.

Exclusion Criteria

Studies were systematically excluded if they: (1) lacked cultural analysis (purely 
technical or algorithmic papers without examination of cultural, linguistic, or social 
dimensions); (2) were non-empirical (opinion pieces, commentaries, editorials, or theoretical 
work without original data); (3) examined exclusively monolingual contexts as the review 
focuses specifically on cross-cultural and multilingual dimensions of LLM use and cultural 
adaptation unless they provided empirical evidence on communication or cultural 
adaptation challenges directly applicable to understanding LLM performance in cross-
cultural contexts. As a result, this research identified 536 articles into analysis. 

The methodological workflow for this semi-systematic review is depicted in Figure 
1, highlighting the pragmatic integration of PRISMA guidelines with targeted inclusion 
strategies to synthesize empirical research from January 2020 to October 2025.

Figure 1: Semi-Systematic Review Methodology and Study Selection Flow

Phase Action & Criteria Details

1. Identification Database Search (Jan 2020 – Oct 2025)
 
Sources: Google Scholar (Primary), Web of Science, arXiv.
 
Focus: Post-ChatGPT era & technological transitions.

2. Screening Inclusion Criteria (Pragmatic & Targeted)
 
Type: Empirical research, preprints, & conference proceedings.
 
Scope: LLMs in cross-cultural/multilingual contexts; cultural adaptation.
 
Language: English only (operational feasibility).

3. Eligibility Exclusion Criteria
 
1. Technical Only: Lacks cultural/social analysis.
 
2. Non-Empirical: Editorials, opinions, or purely theoretical work.
 
3. Monolingual: Excludes studies without cross-cultural dimensions.

4. Included Final Sample Size: N = 536 Articles
 
Synthesized to address three core Research Questions (RQs).

This semi-systematic review examines how large language models mediate cross-
cultural communication and in which contexts their limitations become most consequential. 
Drawing on the evidence gathered, the review is structured around three central 
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research questions: (1)How do LLMs facilitate or hinder cross-cultural and multilingual 
communication for users navigating unfamiliar cultural contexts? (2) What cultural biases 
and worldview misalignments are systematically embedded in LLM outputs, and how do 
these patterns shape users’ trust, interpretation, and reliance on these systems? (3) What 
would genuine communicative equity require in the design, training, and governance of 
LLMs used across diverse cultural settings? These questions organize the synthesis that 
follows and provide a framework for interpreting patterns across the empirical literature.

Results

Initial analysis of the corpus confirms that the functional benefits of LLMs for cross-
cultural communication are substantial and widely documented. For users operating outside 
their dominant language, these systems act as critical cognitive scaffolds, significantly 
reducing the mental burden of translation and syntactic formulation (Lee et al., 2024). By 
elevating lexical precision and smoothing linguistic roughness, LLMs effectively democratize 
access to high-stakes professional and academic discourse, offering a provisional form of 
linguistic equity that allows newcomers to bypass traditional gatekeeping mechanisms 
(Nguyen et al., 2024; Liang et al., 2023). However, the literature increasingly suggests that 
this improved surface-level accessibility frequently comes at the cost of deeper semantic 
integrity.

Section I: The Architecture of Bias—How Cultural Representation 
Becomes Cultural Erasure

1.1 The Manifestation of Western-Centrism

One might begin with a simple question: What does a language model “believe”? The 
answer reveals itself not in explicit statements but in consistent patterns of preference and 
omission. Systematic evaluation across diverse LLM architectures reveals a highly consistent 
pattern across the majority of studies: when asked to engage with cultural questions, these 
systems tend to prioritize values characteristic of Protestant European and Anglo-American 
contexts (Segerer, 2025).They default to self-expression values such as environmental 
protection, tolerance of diversity, and gender equality, which predominate in wealthy 
Western societies, even when prompted in non-Western languages or explicitly instructed 
to adopt non-Western perspectives. In what follows, we use a series of illustrative, composite 
scenarios to concretize patterns observed across the empirical literature. These examples are 
not single case reports but theoretically and empirically informed vignettes that synthesize 
recurring dynamics identified in prior studies.

This is not neutral linguistic performance. It is cultural transmission. When LLMs 
repeatedly associate Indian women with domestic labor, Russians with vodka consumption, 
or Arabs with terrorism, they do not merely reflect societal biases that happened to appear in 
training data (Wu et al., 2025). Rather, they crystallize and scale those biases across millions 
of interactions, routinizing and legitimizing them through the appearance of technological 
objectivity. 
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Consider the consequences for newcomers. Unfamiliar with local social conventions 
such as professional clothing, conversational indirectness, and friendship duties, an 
immigrant confronts an LLM schooled mostly in Western models and frameworks. When 
she asks about dinner etiquette or gift-giving customs, she receives advice filtered through 
Western preoccupations and Western categorical systems (Pedersen et al., 2025). The system 
has little understanding of her destination culture because few literature in that language 
describe it well enough to modify model parameters. Instead of silence or doubt, she 
receives information that appears confidence, cultural expertise, and neutral information. 
Only after social failures and misunderstandings does she realize the advice was misleading.

The mechanisms that contribute to the social cohesion bias are well understood. 
Large language models are trained on textual data, which is significantly unbalanced 
within global information systems. English prevails, despite accounting for approximately 
15% of the global population (Crystal, 2003; Rao, 2019). Western perspectives prevail, even 
though they account for a diminutive fraction of human diversity. The training data reflects 
this imbalance, not due to intentional decisions but as a result of the inherent structures 
of digital information distribution. Once established, this imbalance proves to be notably 
challenging to remove. Models retain these biases, even when trained on multilingual data 
(Ashraf et al., 2025; Keleg, 2025). Despite explicit instructions to incorporate non-Western 
perspectives, they process requests through frameworks influenced by their training. The 
bias is an inherent characteristic of the architecture rather than a correctable error.

1.2 The Hidden Mechanisms: How Bias Persists Despite Efforts to Address It

Understanding cultural bias in large language models requires examining 
mechanisms operating at multiple levels, often invisible to users and insufficiently addressed 
by current interventions. This review traces the process through which bias is generated 
and perpetuated to from imbalances in training corpora and tokenization, through model 
objectives and alignment procedures, to interface design and institutional deployment 
practices that normalize some voices while marginalizing others.

Data Composition and Representational Asymmetry

Across the studies reviewed,  there is broad and consistent evidence  that the 
foundational source of cultural bias in large language models stems from a profound 
asymmetry in their training corpora. Multiple analyses show that these datasets are 
dominated by English-language texts drawn from Western media, publishing, and digital 
platforms (Ferdaus et al., 2024; Ghimire, 2025; Han et al., 2025; Liu et al., 2025; Lyu & Du, 
2025). The imbalance is striking: although English accounts for roughly 15 percent of 
global languages, it makes up an estimated 50 to 70 percent of the digitized text used to 
train major LLMs (Segerer, 2025; Lehdonvirta, 2022; Chatterji et al. 2025). In contrast, low-
resource languages, typically those with fewer than ten million speakers and limited digital 
documentation, contribute less than five percent of most training datasets, even though 
they represent the home languages of billions of people (Ferdaus et al., 2024; Liu et al., 2025; 
Lyu & Du, 2025).

The problem extends beyond quantitative imbalance to what might be described 
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as a representational hierarchy. The texts included in training corpora reflect not only 
the distribution of languages but also the knowledge systems that are recognized as 
authoritative. Academic publishing, news media, and digitized books, which serve as the 
primary sources of training data, are concentrated in Western institutions and largely 
encode Western epistemological frameworks. Indigenous knowledge systems, non-Western 
philosophical traditions, and alternative ways of understanding fundamental concepts such 
as causality, time, personhood, and ethics are either absent from training data or appear only 
when mediated through Western interpretive frameworks and scholarly representations 
(Abdilla & Crawford, 2020; Birhane et al., 2022; De Sousa Santos, 2014; Gwagwa et al., 2020; 
Hoppers, 2002; Kamran, 2024;  Leibo et al., 2025; Peters & Carman, 2024). For example, a 
Navajo environmental practice may be recorded not by Navajo knowledge holders but 
by Western environmental scientists describing it; the model therefore learns the Western 
account rather than the Indigenous understanding. This compositional bias means that the 
model is trained not on the full diversity of global human knowledge but on a particular, 
narrowly Western subset that is presented as universal.

When large language models are trained on these compositionally biased datasets, 
the statistical regularities within the data become encoded not as explicit rules or retrievable 
statements but as learned parameters distributed across millions of artificial neurons. This 
marks a critical point of translation: the cultural preferences embedded in the data are 
mathematically instantiated in the model’s functional architecture. Consider concretely 
what this means. When training data disproportionately associates certain concepts with 
certain cultural contexts, for example linking leadership with masculine pronouns and 
Western business terminology (Garg et al., 2018; Müller et al., 2025), associating subsistence 
practices with non-Western peoples (Malu, 2025), or repeatedly pairing development with 
Western-style industrialization (Malu, 2025), these associations accumulate into learned 
representations. The model develops what might be called vector space preferences: 
patterns in how concepts relate to one another in high-dimensional geometric space 
(Schröder et al., 2024; Müller et al., 2025). Large language models are 3-6 times more likely 
to recommend occupations that stereotypically align with a person's perceived gender, with 
boys receiving substantially more STEM-related career suggestions than girls (Torres et al., 
2023; Fock & Siller, 2025). These patterns become part of how the model understands the 
world, functioning not as programmed bias but as learned associations that disadvantage 
marginalized groups through statistical co-occurrence patterns in training corpora (Bender 
et al., 2025; Torres et al., 2023).

The particular challenge with this encoding is that these learned parameters are 
not easily inspected, modified, or removed. A programmer cannot simply edit individual 
parameters the way they might edit explicit rules in traditional software. The biases are 
emergent properties of millions of parameters working together, making them what scholars 
call implicit knowledge to knowledge that shapes behavior but isn't easily articulated or 
adjusted. When researchers attempt to debias models after training, they face the problem 
that the bias isn't localized to one parameter or one layer but distributed throughout the 
network. Attempts to reduce specific stereotypes through post-training techniques often fail 
because the underlying statistical patterns remain embedded in the model's fundamental 
structure (Glickman & Sharot, 2025). To meaningfully address bias at the parameter level 
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often requires architectural redesign or retraining, which are computationally expensive and 
practically difficult to implement at scale.

Prompt conditioning activates and adjusts these priors without altering their essential 
nature. Users trying to direct models towards more culturally sensitive outputs through 
rigorous prompting face a limitation: the model can modify emphasis and nuance, but 
cannot beyond the inherent viewpoints ingrained in its training (Agarwal et al. 2025; Liang 
et al; 2025; Shen et al., 2025). An Arabic speaker prompting in Arabic continues to receive 
outputs that exhibit Western biases, as the model's depiction of Arabic culture has been 
influenced by English-language texts regarding Arab culture, which are filtered through 
Western frameworks and frequently perpetuate Orientalist stereotypes (Alyafeai et al., 2023; 
Sallam & Mousa, 2024).

Human feedback loops often amplify the problem rather than resolve it. When 
companies apply reinforcement learning from human feedback, a process in which human 
evaluators rate model outputs to guide further training, a critical question emerges: who are 
these humans? The research is clear: they are disproportionately Western, educated, English-
speaking (Lodoen & Orchard, 2025). Their preferences become embedded in the model’s 
objectives. The system learns not to produce correct or culturally appropriate responses, but 
to produce responses that align with the preferences of these specific human evaluators. 
Bias becomes recursively reinforced (Wang et al., 2024; Glickman & Sharot, 2025).

Downstream adoption institutionalizes and scales the bias. When universities, 
employers, and government agencies deploy these systems, they do not simply use a 
tool to they enact and perpetuate the model’s embedded cultural assumptions (Bao et al. 
2025; Prakash et al. 2025; Zheng, 2024; Garcia, 2025). Students learn using systems that 
treat Western ways of thinking as standard and other ways as exotic. Employees write 
using tools that systematically alter their distinctive voices toward Western norms. Citizens 
seek government information from systems trained on Western legal and administrative 
frameworks.

The result is an escalating process wherein cultural bias, far from being a marginal 
concern, sits at the very heart of how these systems operate. Addressing it requires not 
tinkering at margins but fundamental rethinking of how models are trained, evaluated, and 
deployed.

Section II: The Lived Experience—What Bias Means for Newcomers

2.1 Cultural Misrepresentation and the Loss of Meaning

A growing body of research demonstrates that LLMs routinely reshape nonnative 
speakers’ writing in ways that privilege Western academic styles and epistemic priorities. The 
scenario of an Iranian graduate student refining her explanation through ChatGPT reflects 
a pattern observed across multiple empirical evaluations: while the language becomes 
more fluent, the system often redirects emphasis, reframes arguments, or omits culturally 
grounded reasoning. The resulting text is polished yet noticeably aligned with Western 
communicative conventions, illustrating a phenomenon repeatedly documented in cross-
cultural studies of LLM use.
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This entails cultural misrepresentation, albeit through subtle, nearly imperceptible 
modifications. Pedersen and colleagues' research demonstrated that LLMs consistently 
struggle with the interpretation of culture-specific metaphors and idioms (Pedersen et al., 
2025). When prompted to elucidate a Danish phrase grounded in Danish history and culture, 
both ChatGPT and Llama encountered difficulties, either wrongly incorporating English 
metaphors or resorting to ambiguous generalizations. The sentiment becomes "lost in 
translation," not due to linguistic disparities but because the model lacks the historical and 
cultural acumen required to comprehend how that word encapsulates an entire worldview.

For newcomers, the consequences are compounded. An immigrant trying to 
understand what it means to “work hard” in a new culture does not encounter the nuanced, 
context-specific meanings that exist in reality, but instead a simplified, Westernized narrative, 
which centered on the Horatio Alger story and the mythology of pulling oneself up by 
the bootstraps. This narrative contrasts sharply with how work and effort are understood 
in many non-Western cultures, where collective responsibility, family honor, or spiritual 
purpose may take precedence. Yet the large language model presents its version as a neutral 
and factual account.

The failure extends beyond metaphor. Multilingual proficiency does not ensure 
cultural representation: research shows AI systems marginalize African cultural expressions 
through Eurocentric training data (Bignotti, 2025), Latin American media lack localized 
AI imagery despite multilingual coverage (Sanguinetti & Palomo, 2025), and meaningful 
representation requires community-grounded evaluation rather than technical capability 
alone (Qadri et al., 2025). U.S.-centric bias persisted even when models were prompted in 
their native languages. The researchers demonstrated that self-consistency was a stronger 
predictor of intercultural alignment than multilingual competence alone, suggesting that 
the problem lies not in linguistic translation but in the deeper cultural frameworks guiding 
how the model processes information.

2.2 Stereotype Reinforcement and the Crystallization of Prejudice

Across the studies included in this review, there is  substantial and converging 
evidence that LLMs reinforce culturally embedded stereotypes in ways that meaningfully 
influence downstream behavior. Pareek (2025) assessed prominent LLM systems with 
psychology-based metrics particularly formulated to identify biases. Their findings 
indicate that even systems intentionally meant to be “value-aligned” displayed systematic 
preconceptions related to race, gender, religion, health, and other variables.

The troubling part: these word association biases proved diagnostic of downstream 
discriminatory behavior. Models that showed stereotype bias in controlled tests also 
generated more biased, inappropriate, or harmful outputs in real-world applications. 
Stereotypes do not exist harmlessly in latent space. They shape what the system produces 
when deployed.

For a refugee from Myanmar seeking to understand his place in his new community, 
these stereotypes are not abstract concerns. When the LLM he consults for advice about 
workplace relationships consistently associates his background with certain traits or 
capabilities, whether explicitly or through subtle framing, those biases shape both what 
information he receives and how he begins to perceive himself. Research on stereotype 
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threat reveals that these impacts are not purely individual; they accumulate through 
repeated interactions with systems that encode and perpetuate prejudice (Wang et al., 2024; 
Vasista et al., 2025).

Researchers documented an even more troubling phenomenon: stereotypes can 
arise spontaneously during LLM-based multi-agent interactions, even when the individual 
agents begin without any predefined bias. The strength of these stereotypes increases 
within hierarchical systems and through repeated exchanges (Guo & Xu, 2025; Mehdizadeh 
& Hilbert, 2025), following the same dimensions of warmth and competence that appear 
consistently across architectures such as GPT, Claude, Mistral, DeepSeek, and Gemini (Guo & 
Xu, 2025; Borah & Mihalcea, 2024). These findings suggest that stereotype formation is not a 
model-specific artifact but a structural feature of how large language models learn from and 
interact with one another (Haase & Pokutta, 2025; Binkyte, 2025). Addressing these emergent 
biases requires value alignment frameworks that account for multi-agent dynamics rather 
than focusing solely on individual model behavior (Zeng et al., 2025).

2.3 Communication Style Mismatch and the Imposition of Inappropriate 
Norms

Although studies vary in their methodological approaches, a clear pattern emerges 
across the literature: LLMs often misalign with the communication norms of cultures that 
rely on indirectness, relational cues, or high-context signaling. Havaldar and colleagues’ 
Culturally-Aware Conversations framework identifies three dimensions that shape 
communication: situation, relationship, and cultural background (Havaldar et al., 2025).

Large language models perform well in direct, low-context cultures such as the United 
States and the Netherlands but struggle in societies where indirectness signals respect, 
humility outweighs self-promotion, and formality conveys attentiveness. Trained mainly on 
Western norms, they promote behaviors that conflict with local expectations.

Section III: The Equity Paradox—When Tools for Empowerment Become 
Mechanisms of Exclusion

3.1 The Cruel Irony: When Non-Native Speakers Must Use AI to Avoid AI 
Accusations

Recent research revealed a troubling finding: AI detection methods incorrectly label 
61.3% of essays authored by non-native English speakers as AI-generated (Liang et al., 2023; 
Jiang et al., 2024). The mechanism is straightforward: non-native authors inherently exhibit 
reduced linguistic diversity, diminished syntactic complexity, and decreased lexical richness 
compared to native speakers to the same qualities characteristic of AI-generated writing 
(Fraser et al., 2025; Lege, 2024). Detection systems, unable to discriminate between sources 
of reduced complexity, classify human effort as artificial.

The cruelty of this situation is clear: to avoid false accusations of AI use, non-native 
writers are compelled to use AI to augment their linguistic diversity. To be recognized 
as genuinely human, they must first become augmented by AI. This technical paradox 
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threatens the inclusion of non-native English speakers in global academic and professional 
spheres precisely when access becomes most critical (Jiang et al., 2024; Lege, 2024).

Liang and colleagues quantified this paradox: when ChatGPT improved TOEFL essays 
to resemble native-speaker writing, the average false positive rate dropped by 49.7%, from 
61.3% to 11.6% (Liang et al., 2023). The implication is clear: linguistic diversity functions as 
a proxy for human authenticity in detection systems, yet non-native speakers inherently 
lack that diversity due to their ongoing development of linguistic competence (Fraser et al., 
2025).

3.2 The Double Jeopardy: Cost Barriers and Performance Degradation

Across diverse technical and empirical studies, there is strong evidence that LLMs 
systematically disadvantage low-resource languages. Speakers of low-resource languages 
incur costs that are 4-6 times higher per unit of usage compared to English speakers 
(Solatorio et al., 2024). This situation illustrates the mechanics of tokenization: languages 
underrepresented in training data are divided into numerous separate tokens, each 
consuming additional computational resources (Ahia et al., 2023; Petrov et al., 2023). The 
result is higher costs paired with diminished returns.

Concurrently, the performance of LLMs significantly diminishes for low-resource 
languages (Petrov et al., 2023; Rahman et al., 2024). Translation quality metrics reveal 
substantial performance declines in low-resource languages (Solatorio et al., 2024; Pakray 
et al., 2025). Healthcare information obtained from LLMs in non-English languages 
demonstrates significantly lower accuracy and utility: correctness decreases by 18% 
in Spanish, Chinese, and Hindi compared to English, with non-English responses 29% 
less consistent than their English counterparts (Chandra & Jin, 2024). This creates what 
researchers term double jeopardy to individuals with the fewest resources face the greatest 
obstacles and poorest outcomes, fundamentally undermining equitable technology access 
(Solatorio et al., 2024).

3.3 Detection Bias and Response Quality Disparities

Across the literature reviewed, multiple independent studies provide compelling 
evidence that LLM outputs shift systematically in response to linguistic identity cues and 
cultural context. A Nature study using matched‑guise prompts found that models make 
systematically more negative decisions for text written in African American English, despite 
no overt mention of race (Hofmann et al., 2024). A cross-country audit in PNAS Nexus  showed 
that default outputs cluster toward English-speaking/Protestant European values, with 
cultural prompting only partly reducing this bias (Tao et al., 2024). Randomized trials 
also document anchoring effects in LLMs and show that outputs move when primed by 
preceding information, underscoring how seemingly minor cues can alter model quality and 
judgments (Nguyen, 2024). Together, these results indicate that disparities reflect dialect and 
cultural alignment rather than merely “nativeness,” and can be triggered by simple primes.
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3.4 The Workplace Dynamics: When Quality Degradation Becomes Social 
Stigma

Although the published literature on workslop, meaning superficially polished 
but substantively weak AI-generated workplace content, is still developing, the available 
evidence shows a consistent and widely recognized pattern of social and organizational 
consequences. Early studies report that AI-mediated, low-quality responses erode trust 
among coworkers, requiring recipients to verify accuracy, rewrite vague sections, and 
navigate the interpersonal discomfort of questioning a colleague’s contribution (Hancock 
& Niederhoffer, 2025). Broader organizational research reinforces these concerns: 
approximately 40% of workers report rising workloads associated with such breakdowns 
(Niederhoffer et al., 2025; Richardson & Antonello, 2022), which reliably undermines trust 
and reduces willingness to collaborate. These burdens fall disproportionately on non-native 
speakers, who rely on LLMs for linguistic fluency (Brynjolfsson et al., 2025) but whose use of 
AI tools may be misinterpreted as lack of effort or cultural awareness (Nguyen et al., 2024). 
Taken together, the emerging evidence indicates that technologies intended to support 
communication can inadvertently generate stigma and exacerbate inequities (Niederhoffer 
et al., 2025; Koo, 2025).

3.5 Educational Performance Gaps and Linguistic Brittleness

Across the studies examined, there is substantial and recurring evidence  that 
equity concerns emerge in educational settings where students rely on large language 
models as learning tools. While some models demonstrate relatively stable performance 
across multiple languages, numerous evaluations report a marked drop in accuracy and 
instructional quality  when the models operate in underrepresented or low-resource 
languages. Kwak and Pardos (2024), for example, document consistent underperformance 
for languages such as Irish and Marathi compared to English-based educational taxonomies, 
reflecting a broader pattern identified across the literature.

Rodrigues and colleagues evaluated LLM performance in answering educational 
questions in Brazilian Portuguese across different question types, subjects, and difficulty 
levels (Rodrigues et al., 2025). Their preliminary findings suggest potential for LLMs to 
support diverse educational needs, though performance varies by question characteristics. 
Separate research has demonstrated that LLM performance in English consistently surpasses 
that of other languages (Solatorio et al., 2024; Ahia et al., 2023), and that employing prompts 
in English often produces better outcomes even in non-English contexts, indicating that 
LLM representations are primarily shaped by English-centric training frameworks (Tao et al., 
2024).

Recent research reveals significant concerns about LLM brittleness: model 
performance varies dramatically (±23%) across common benchmarks when only single 
characters such as delimiters between examples are modified, despite semantic information 
remaining identical (Su et al., 2025). This brittleness is not unique to minute formatting 
changes; LLMs show unpredictable performance across prompt phrasing, semantic 
structure, and element ordering on even elementary tasks like set membership queries 
(Hergert et al., 2025). While humans exhibit some sensitivity to prompt modifications, LLMs 
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demonstrate greater instability, particularly to typographical errors and label order reversals 
(Li et al., 2025).

Current benchmarks emphasize standardized, formal writing that inadequately 
reflects diverse human communication styles, resulting in limited external validity for real-
world performance assessment. This brittleness has profound consequences for immigrant 
populations, international students, and multilingual professionals: AI-mediated guidance 
and evaluation systems affect academic achievement, job opportunities, and social 
integration when applied across varied linguistic and stylistic contexts (Su et al., 2025; 
Hergert et al., 2025).

Section IV: Identity Erasure—How Technology Homogenizes Culture

4.1 The Systematic Stripping of Identity Markers

Language functions simultaneously as a communicative instrument and a primary 
marker of cultural affiliation and self-perception, profoundly shaping how immigrants 
negotiate identity in new sociocultural environments (Darginavičienė, 2023; Fielding, 
2021; Gao, 2021; Hsiao, 2021). For newcomers, this identity negotiation involves constant 
balancing: acquiring host-country language and cultural norms while preserving heritage 
and traditions. This ongoing process shapes psychological well-being, social relationships, 
and everyday experiences (Joubert & Sibanda, 2022; Kiramba & Oloo, 2023).

However, a broad body of scholarship provides robust evidence that LLM-assisted 
writing introduces a new complication. When Sourati and colleagues (2025) analyzed LLM 
text revision, they found that semantic content remains preserved while stylistic elements 
such as personal voice, cultural markers, and individual language choices undergo systematic 
alteration toward dominant patterns in training data. When a Senegalese immigrant writes 
in French with characteristic phrases, cultural references, and linguistic patterns reflecting 
her heritage, LLM “improvement” strips those markers away, homogenizing her writing 
toward standardized global norms (Sourati et al., 2025; Kuteeva & Andersson, 2024). Her 
voice does not merely change, it disappears.

This erasure becomes particularly consequential in academic contexts. While 
ChatGPT enhances lexical complexity in non-native English speakers' writing, this linguistic 
“equalization” paradoxically erases distinctive voice and cultural expression (Lin et al., 2025). 
The writing appears professionally polished yet experientially inauthentic, and it becomes 
improved by external metrics while internally fractured. For newcomers already navigating 
tensions between heritage and integration, LLM-assisted “improvement” intensifies 
authenticity concerns because the communication is fluent but no longer recognizably their 
own (Gao, 2021; Kiramba & Oloo, 2023; Ozbek-Damar, 2025). The tools designed to facilitate 
integration simultaneously eliminate the linguistic markers through which cultural identity 
is expressed and transmitted (Sourati et al., 2025).

4.2 Linguistic Homogenization and the Erosion of Heritage Language Vitality

Recent scholarship indicates increasing concern regarding linguistic homogenization, 
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which means the gradual erosion of diverse language and cultural expressions due to 
pressures to conform to dominant language norms (Rahmani & Karimi, 2025). In globalized 
and digital contexts, dominant languages like English increasingly overshadow minority 
and heritage languages, resulting in significant declines in linguistic diversity and cultural 
distinctiveness (Skutnabb-Kangas & May, 2017).

Large language models amplify this process by reinforcing standardized linguistic 
patterns. Sourati et al. (2025) demonstrate that texts revised by LLMs show diminished 
stylistic and cultural variation, as features reflecting non-dominant languages and individual 
expression are systematically integrated into dominant forms. Similarly, Milička et al. (2025) 
found through multidimensional analysis that LLM-generated texts exhibit reduced stylistic 
variation compared to human writing, with AI maintaining more consistent and thus 
more homogenized output across registers. This change limits the expressive capacity of 
communication and diminishes the cultural frameworks that communities use to interpret 
experiences (Lin et al., 2025; Kuteeva & Andersson, 2024).

Zeng and Yang (2024) contend that English hegemony, reinforced through AI 
systems predominantly trained on English data, marginalizes minority languages and 
epistemologies. Without targeted initiatives for linguistic pluralism, LLMs exacerbate English 
dominance, undermining cognitive and cultural diversity (Zeng & Yang, 2024; Li et al., 2024). 
Plum et al. (2025) argue LLMs lack "cultural reasoning," defined as the ability to recognize 
and adjust for culture-specific knowledge, values, and norms, which sustains stereotypes 
and ignores minority perspectives (Plum et al., 2025; Seth, 2025).

Heritage language speakers thus face a fundamental conflict: technological inclusion 
versus cultural identity preservation (Fenech-Borg et al., 2025). While LLMs possess cultural 
knowledge, they remain insensitive to cultural differences in practice, often requiring 
manual correction for appropriate adaptation (Singh et al., 2024; Tenzer et al., 2025).

4.3 Assimilation Pressure and Authenticity Concerns in Technology-Mediated 
Communication

Across the studies reviewed, there is consistent and accumulating evidence that 
newcomers encounter both overt and subtle pressures to adopt host-country 
communication norms, often at the expense of heritage language practices, idiomatic 
expressions, and culturally grounded ways of speaking (Alshihry, 2024; Karpava, 2024; Tenzer 
et al., 2025). Research repeatedly shows that such pressures can prompt individuals to 
question whether their linguistic choices reflect their authentic identities or merely conform 
to institutional expectations to particularly in contexts where mastery of the dominant 
language is framed as essential for educational and professional inclusion (Migliarini, 
2024; Marrone, 2017). Emerging work further indicates that when AI enters this landscape, 
institutional norms become intertwined with LLM-mediated communication tools, shaping 
not only what newcomers articulate but also how they understand themselves as they 
navigate between home and host cultures (García & Wei, 2014; Feng et al., 2025).

Authenticity is central to immigrants’ language experiences: many wrestle with 
whether their speech or writing sounds like “themselves” or simply satisfies others’ 
expectations (Alshihry, 2024; Karpava, 2021; Eerdemutu et al., 2024). LLMs intensify this 
tension. Experimental work shows that LLM outputs exhibit high semantic alignment with 
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prompts but relatively low stylistic alignment, prioritizing content over individual style 
(Durandard et al., 2025). Studies of LLM-driven editing and lexical shifts similarly find that 
AI revisions preserve core meaning while converging on more standardized, high-prestige 
forms of expression (Lin et al., 2025; Milička et al., 2025). The result is language that reads as 
polished and professional but feels alien to its author.

For newcomers adapting to a new culture, this dynamic is especially consequential. 
AI-assisted communication may appear fluent and acceptable yet lack authenticity, creating 
psychological strain and a disconnect between communication and self (Bélanger & 
Verkuyten, 2023; Karpava, 2024). At precisely the time when immigrants need to maintain 
a connection to their heritage identity while developing competence in the dominant 
language, LLM-mediated revision can erode that link by stripping linguistic markers of 
identity and reinforcing assimilation pressures. In doing so, it risks undermining the very 
adaptation and inclusion processes it purports to support (Alshihry, 2024; Migliarini, 2024).

Section V: LLMs in Context—Distinguishing Tools and Understanding 
Mechanisms

5.1 Large Language Models versus Neural Machine Translation: A Critical 
Distinction

To understand the challenges LLMs pose in cross-cultural communication, they 
must be distinguished from neural machine translation (NMT) systems. NMT systems 
translate text between languages, seeking to preserve meaning accurately. Using encoder–
decoder architectures, they learn relationships between language pairs and perform direct 
translations such as “buenos días” → “good morning” (Ye, 2025; Boukhari & Regedor, 2025). 
LLMs, by contrast, generate fluent, contextually appropriate responses. They learn statistical 
patterns across languages that incorporate cultural knowledge and communicative 
norms (Hu et al., 2024; Li et al., 2024; Liu et al., 2024; Sun et al. 2025). When answering 
cultural questions, they synthesize information from training data, which may embed bias. 
A newcomer using Google Translate to read a sign relies on a tool with predictable limits. 
Asking ChatGPT for cultural advice, however, engages a system that seems informed yet 
often reflects Western perspectives and lacks the nuanced understanding users expect.

5.2 Authenticity and Naturalness Concerns in AI-Mediated Communication

Authenticity in AI-mediated cross-cultural communication involves not only identity 
preservation but also questions of genuine understanding and interaction. These concerns 
arise at several levels, including information about culture, AI-assisted communication, and 
relationships mediated through technology.

A growing body of research shows that LLMs often rely on surface-level stereotypes 
rather than genuine understanding of cultural values (Kharchenko et al., 2025; Lawton & 
Ibarrola, 2023). They can produce fluent descriptions of cultural practices yet frequently 
reflect Western interpretations rather than local perspectives. For instance, when describing 
Japanese notions of honor or Mexican family structures, LLMs depend mainly on English-
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language sources written by Western observers instead of knowledge from within those 
cultures. As a result, they appear culturally knowledgeable but reproduce secondhand 
knowledge about cultures rather than from them. For newcomers trying to understand a 
host culture, this distinction is crucial because such information may be accurate yet still 
miss the nuance and lived complexity of real practice.

A related issue is naturalness in communication. LLM-assisted writing may appear 
fluent and standardized yet feel less authentic to the writer’s own voice and cultural 
background (Hwang et al., 2025). This tension between fluency and authenticity continues 
to challenge newcomers seeking ways to communicate that are both effective and true to 
self.

Section VI: Institutional and Policy Responses—From Prohibition to 
Participation

6.1 Educational Institution Responses: Between Prohibition and Integration

It’s well documented that educational institutions have adopted diverse strategies 
for using LLMs in cross-cultural contexts, shaped by institutional goals, cultural values, and 
teaching philosophies. Approaches range from outright bans to structured integration 
frameworks that balance AI’s benefits with the need for autonomy and academic integrity 
(Barnes et al., 2024; Cotton et al., 2024; Gulumbe et al., 2025; Nnorom, 2025).

The prohibition approach addresses valid concerns about integrity, dependency, and 
skill loss. However, it is difficult to enforce and can disadvantage non-native speakers who 
rely on AI to achieve native-level writing (Yusuf et al., 2024). Such bans can harm students 
who need assistance without deterring those who use AI covertly.

More progressive institutions adopt disclosure frameworks requiring students to 
acknowledge AI use while ensuring equitable access across cultures and socioeconomic 
groups (Yusuf et al., 2024). These frameworks accept AI’s ubiquity and shift the question 
from whether  students will use it to how : either to support learning or replace cognitive 
engagement.

Nordic universities base AI policies on values of trust, transparency, and openness 
(Butt, 2024; Cannavale et al., 2025; Masso et al., 2024; Rekman, 2024). Cultural contexts shape 
these designs, emphasizing collaboration over punishment and autonomy over control. 
Elsewhere, institutions prioritize innovation, competitiveness, or cost efficiency, producing 
divergent policies despite shared technological challenges (Cai & Yin, 2025; Goffi & 
Momcilovic, 2022; Han et al., 2025; Hongladarom & Bandasak, 2024;  Kochupillai et al., 2022; 
Kum et al., 2024; Núñez, 2025; Popa Tache & Vâlcu, 2025; Wong, 2025).

Research highlights the importance of culturally responsive policies and sustained 
faculty development (Al-Zahrani & Alasmari, 2024; Ahmed, 2024). Effective AI integration 
requires solid infrastructure, faculty training, institutional support, and commitment to 
educational quality and cultural equity. Institutions that invest in comprehensive faculty 
programs more effectively distinguish between AI uses that enhance learning and those that 
undermine integrity or reinforce bias against non-native and marginalized students (Ma et 
al., 2024).
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6.2 Community Organization Strategies: Building Support Beyond Institutions

Community organizations address challenges in AI-mediated communication by 
developing guidelines for responsible, culturally aware AI use, building peer support 
networks to reduce dependence, and offering education on both benefits and risks (Salas-
Pilco et al., 2022). These initiatives promote digital inclusivity and cultural literacy, helping 
immigrants, international students, and minorities navigate an increasingly AI-mediated 
world.

Research on community interventions highlights the need for multidimensional 
solutions that combine educational, technological, and social approaches (Salas-Pilco et 
al., 2022; Marko et al., 2025). Technology alone is insufficient. Effective interventions focus 
on three dimensions: pedagogical (media literacy and critical AI evaluation), technological 
(accessible, multilingual, culturally responsive tools), and sociocultural (addressing power 
dynamics, cultural hierarchies, and identity issues in AI use).

Peer support programs are key to reducing dependency. They address the 
psychological and social dimensions institutional policies often overlook by promoting 
group reflection, setting boundaries between AI assistance and independent learning, 
and providing emotional support for those concerned about identity in AI-mediated 
communication (Salas-Pilco et al., 2022). Community organizations also act as intermediaries 
between policymakers and local populations, advocating for solutions tailored to each 
community’s needs rather than one-size-fits-all governance models.

6.3 Professional and Organizational Adaptations: Navigating Workplace 
Complexities

Employers are developing AI workplace policies that recognize the technology’s 
ubiquity while upholding expectations for cross-cultural competence, authentic 
communication, and ethical conduct (Tang et al., 2023; Rakova et al., 2020). Research shows 
that organizational culture, leadership support, and continuous training are essential for 
AI integration that strengthens work quality and inclusion (Ahmad et al., 2023; Einola & 
Khoreva, 2022).

A major challenge lies in distinguishing productive AI use from harmful practices. The 
workslop phenomenon, which indicate low-quality AI-generated content, remains difficult 
to regulate (Rakova et al., 2020; Bankins et al., 2024). Sharing such content, especially across 
cultural and linguistic boundaries, increases colleagues’ cognitive load, erodes trust, and risks 
perpetuating stereotypes. Many organizations still lack frameworks to differentiate between 
beneficial AI tools, such as translation and accessibility support, and workslop that adds little 
value (Bankins et al., 2024).

Effective responses require AI literacy that merges technical and cultural competence 
(Sienkiewicz-Małyjurek & Zyzak, 2024). Training should go beyond technical skills to include 
critical reflection on culturally sensitive AI use, the preservation of nuance, and transparent 
communication across cultures. Organizations that foster supportive cultures, model ethical 
AI use, and sustain employee development achieve greater success in using AI to enhance 
rather than diminish cross-cultural communication (Sienkiewicz-Małyjurek & Zyzak, 2024).
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6.4 Cross-Cultural and Policy Considerations: Values, Disparities, and 
Governance

Global disparities in AI adoption and digital infrastructure undermine equitable 
cross-cultural communication. Studies reveal stark divides between high- and low-resource 
regions, where limited access, poor service quality, and weak institutional capacity hinder 
context-specific AI governance (Al-Zahrani & Alasmari, 2024; Ahmed, 2024; Marko et al., 
2025). As a result, marginalized groups, including speakers of low-resource languages, 
residents of developing regions, immigrants, and refugees, struggle to access supportive 
AI tools while being overexposed to Western-trained systems that reinforce cultural bias 
(Ahmed, 2024). The compounding effect is a form of technological marginalization that 
mirrors and intensifies existing global inequalities.

Addressing these challenges requires context-specific policies attuned to local 
realities rather than universal models. Effective strategies must span four dimensions: 
technical (culturally responsive, accessible tools), governance (locally grounded frameworks), 
educational (digital literacy and critical AI skills), and equity (reducing global disparities in 
access and quality) (Abbasnejad et al., 2025; Abbasi et al., 2025; Kudriashova & Martynenko, 
2025).

Discussion: Implications, Limitations, and Paths Forward

7.1 Synthesis of Major Findings

Taken together, the results show that cultural bias in large language models is 
not incidental but structural. At the architectural level, models are trained on corpora 
that overrepresent English and Western epistemologies, encoding Western-centric value 
priorities into their parameters and alignment processes even when outputs appear neutral. 
At the experiential level, newcomers encounter this bias as cultural misrepresentation, 
stereotype reinforcement, and communication-style mismatch: LLMs often recast culturally 
grounded reasoning into Western academic forms, mishandle idioms and metaphors, and 
recommend interaction norms misaligned with high-context or relational cultures.

These patterns translate into what the review terms an equity paradox. Non-native 
speakers face a cruel double bind in AI detection systems, where both authentic writing 
and AI-assisted improvement can trigger suspicion, while speakers of low-resource 
languages confront higher costs and lower-quality service. Workplace uses of LLMs can 
generate workslop that erodes trust and disproportionately harms those who depend on 
AI for linguistic support. In education, performance gaps, brittleness across languages, and 
misaligned benchmarks further disadvantage multilingual learners.

The findings also document processes of identity erasure. LLM-based rewriting 
preserves semantic content but systematically strips stylistic and cultural markers, 
pushing users toward standardized global norms and weakening heritage language 
vitality. For newcomers, this produces a tension between fluency and authenticity, as AI-
assisted communication may read as acceptable yet feel detached from their sense of self. 
Distinguishing LLMs from more bounded tools like neural machine translation clarifies 



19WHEN SYSTEMS MISRECOGNIZE THEIR USERS

why these effects arise: LLMs do not simply translate but synthesize and normalize cultural 
knowledge.

Finally, the review shows that institutional and policy responses remain uneven. 
Educational, community, and workplace initiatives are beginning to address AI’s role in 
cross-cultural communication, but many frameworks remain top-down and insufficiently 
participatory. Across studies, a consistent message emerges: mitigating harm and 
supporting equitable use will require governance, design, and community practices that 
explicitly center underrepresented users rather than treating LLMs as culturally neutral tools.

7.2 Theoretical Implications

LLMs extend identity-protective cognition to the technological sphere. Users interpret 
information through the lens of their group identity rather than rational evaluation; 
algorithms also embed group-centric values during training and deployment. LLMs amplify 
majority-culture patterns, creating asymmetries that advantage majority users while 
marginalizing others. Simultaneously, LLMs redefine authenticity, privileging communication 
styles aligned with dominant training data rather than with lived cultural experience.

7.3 Implications for Newcomers

Newcomers and immigrants face a compound burden: underrepresentation of their 
cultures in LLMs, inadequate service at high costs, and homogenization of expression 
that threatens cultural preservation. For vulnerable populations, LLMs pose risks with 
opportunities. 

7.4 Policy and Governance Implications

Current governance frameworks lack participatory structures centered on affected 
communities. Effective governance requires treating AI as a question of power and 
representation, fundamentally political issues demanding democratic rather than purely 
technical solutions. Governance must enable data sovereignty and give underrepresented 
communities control over how their cultures are represented, ensuring collaboration rather 
than imposition.

7.5 Technical and Design Implications

Corpus curation must intentionally represent diverse cultural values and non-
Western epistemologies. Community participation and data sovereignty are prerequisites, 
not optional. Evaluation must extend beyond technical accuracy to assess cultural 
appropriateness and the impact on equity, utilizing culturally diverse evaluators. 
Architectures must integrate transparency and community feedback rather than remain 
opaque black boxes.
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7.6 Limitations and Future Research

This semi-systematic review strikes a balance between rigor and feasibility in a 
rapidly evolving field. Limitations include reliance on English-language sources, the 
2020–2025 timeframe, limited longitudinal evidence on cultural identity formation, and 
underrepresentation of research from non-English-speaking regions and lower-income 
countries. Future research should examine identity development through longitudinal cross-
cultural studies, evaluate community-based and technical interventions, and analyze how 
LLM bias intersects with other forms of marginalization.

7.7 Conclusion: Toward Technology that Serves Rather Than Dominates

LLM proliferation demands attention to equity, cultural preservation, and authentic 
understanding. These systems embed biases advantaging some groups while risking 
cultural erasure where diversity most needs protection. Our task is to determine which 
systems to build, whose interests they serve, and what values they express. AI governance 
is fundamentally about power and representation, requiring participatory structures that 
center on and represent affected communities.

LLMs cannot replace the human work of building cross-cultural understanding. 
For newcomers navigating integration, for communities protecting linguistic and cultural 
distinctiveness, and for those committed to equitable communication, the key question is 
not only what AI can do but what it should refrain from doing. The tools will remain; our task 
is to use them in ways that support, rather than displace, the slow and demanding work of 
genuine human connection.
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