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Abstract

As Large Language Models (LLMs) are in-
creasingly integrated into mental health applica-
tions, the prevailing paradigm of cultural neu-
trality risks creating a technical debt that under-
mines model generalization and safety. Current
systems/frameworks, while focusing on multi-
lingual capabilities, often fail to account for the
diverse social and cognitive norms of global
populations.This vision paper explores the tran-
sition from culturally invariant models toward a
research trajectory that operationalizes cultural
dimensions such as power distance and individ-
ualism as fundamental architectural parameters.
Rather than viewing cultural adaptation as a
post-hoc fine-tuning task, we advocate for sys-
tems that internally encode cultural variability
as a primary driver of the model’s reasoning
process. We outline a roadmap for architec-
turally encoding cultural variability as a first-
class parameter in AI/ML pipelines, moving be-
yond surface-level translation toward systems
where cultural dimensions fundamentally shape
model reasoning.

1 Introduction

On a late evening in Mumbai, India, Priya, a
tech professional, seeks chatbot support for mount-
ing workplace mental stress. The system, trained
on Western therapeutic frameworks, advises her
to "set clear boundaries" and "prioritize her own
needs". However, in Priya’s cultural context where
hierarchical respect and collective harmony are
paramount (Markus and Kitayama, 1991; Kapoor
et al., 2003; Chadda and Deb, 2013), such direct
confrontation could jeopardize her professional
standing and family stability.

This scenario illustrates a critical but largely
overlooked challenge as LLMs are increasingly
deployed in mental health applications (Al et al.,
2025): the implicit assumption of cultural neu-
trality (Joseph, 2025). Current mental health Al
systems, while achieving impressive multilingual

capabilities and demonstrating significant perfor-
mance in benchmarks (Arora et al., 2023b; Hua
et al., 2025), fundamentally fail to account for the
diverse social, cognitive, and cultural aspects (Har-
rigian et al., 2020; Hershcovich et al., 2022; Pucci
et al., 2026) that shape how mental health is un-
derstood, experienced, and addressed across global
populations.

Recent studies iterated that leading LLMs ex-
hibit systematic biases toward Western, Educated,
Industrialized, Rich, and Democratic (WEIRD) cul-
tural values, particularly emphasizing individual-
istic frameworks even when interacting with users
from collective cultural contexts (Atari et al., 2023;
Tao et al., 2024). These systems inherit psycho-
logical assumptions, for example, conversational
therapy bots like Wysa and Woebot, developed
almost entirely from Western clinical databases,
incorrectly interpreted culturally characteristic In-
dian expressions, pathologizing statements such as
"family pressure is my karma" as depressive symp-
toms requiring unsuitable therapeutic interventions
(Lakshmi et al., 2025).

Foundational research in cultural psychology
challenges these assumptions: emotions them-
selves are not universal but culturally constructed
(Barrett, 2017; Jack et al., 2012), and therapeu-
tic approaches embody culturally-specific emo-
tion concepts (Hoemann et al., 2024). Mesquita’s
(Mesquita, 2022) distinction between MINE (Men-
tal, INside person, Essentialist) and OURS (OUt-
side person, Relational, Situational) emotional
models reveals how Western individualistic cul-
tures prioritize internal feelings and personal au-
tonomy, while collectivist cultures view emotions
as serving relational harmony and social cohesion.

The stakes are substantial: from the concept
of "self" to help-seeking behaviors, mental health
is culturally constructed (Kirmayer, 2007; Klein-
man, 1988). The DSM-5’s inclusion of a Cultural
Formulation Interview acknowledges that "culture
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provides interpretive frameworks that shape the
experience and expression of symptoms" (Ameri-
can Psychiatric Association, 2013b), yet current Al
systems, despite processing text in dozens of lan-
guages, operate with reasoning patterns, therapeu-
tic orientations, and conceptualizations of mental
wellness rooted predominantly in Western individ-
ualistic paradigms (Cao et al., 2023; Kandala et al.,
2025).

This cultural misalignment constitutes funda-
mental technical debt that undermines model gen-
eralization and safety (Software Engineering Insti-
tute, Carnegie Mellon University, 2015). When
models trained on Western literature encounter
users from high power-distance cultures, the result-
ing misalignment can lead to ineffective or harm-
ful counsel. Current approaches that treat cultural
adaptation as post-hoc translation fail because cul-
ture shapes the fundamental reasoning patterns em-
bedded in support (Hershcovich et al., 2022).

This position paper argues for a paradigm shift:
from culturally invariant models toward systems
that architecturally encode cultural variability. We
focus on Hofstede’s Individualism-Collectivism di-
mension (Hofstede, 2001), a cultural framework
that profoundly influences mental health conceptu-
alizations. Our contributions are threefold: First,
we provide critical analysis of cultural neutral-
ity as technical debt, documenting concrete fail-
ure modes. Second, we outline a framework
for cultural architecture, sketching technical ap-
proaches to encode cultural dimensions as fun-
damental parameters rather than post-hoc adapta-
tions (Arora et al., 2023b). Third, we present a
research roadmap that identifies priority directions
for datasets, evaluation frameworks, and deploy-
ment safeguards needed to transition from surface-
level translation to deep cultural alignment.

2 Background and Motivation

Cross-cultural research in psychology systemati-
cally challenges the universality of mental health
constructs as cultural context shapes how individu-
als experience, express, and seek help for distress,
reflecting deep differences in self-concept, social
relationships, and meaning-making. These differ-
ences profoundly influence help-seeking: research
with Asian American adolescents shows that col-
lectivistic values reduce professional help-seeking
even controlling for severity, mediated by family
shame and loss of face (Shea and Yeh, 2008; Zheng

et al., 2021). Cultural pressures against disclosure
stem from traditional norms where "excessive self-
disclosure and strong emotional expression" are
seen as "disruptive acts against collective harmony
and family honor" (Kim et al., 2001). Asian Amer-
icans view requests for social support with concern
about "burdening others, disrupting the harmony of
the group, making the problem worse, and bring-
ing shame to oneself or one’s family" (Kim et al.,
2008). Family involvement differs accordingly:
collectivistic cultures expect family participation in
treatment while individualistic cultures prioritize
confidentiality (Chadda and Deb, 2013), meaning
Al built on Western privacy assumptions may re-
duce engagement in collectivistic contexts.

LLMs frame work-family conflict as individual op-
timization (boundary setting, time management),
assuming renegotiating obligations is acceptable,
clashing with evidence that collectivist settings rely
on norm conformity and social support (Liu et al.,
2022). Post-hoc adaptation-translation, prompt en-
gineering, and fine-tuning are insufficient because
they preserve underlying reasoning patterns (Her-
shcovich et al., 2022). In addition to these, prompt
engineering ("respond from a collectivist perspec-
tive") works inconsistently, is overridden in multi-
turn dialogue, and leaves internal representations
unchanged (Arora et al., 2023b). Also, small cul-
tural fine-tuning datasets adjust style without alter-
ing deep WEIRD priors; models revert to individ-
ualistic defaults under distribution shift (Masoud
et al., 2025). Therefore, we argue that a cultural
architecture would inherently integrate culture: rep-
resenting relational selves, encoding social roles
and obligations, and learning culturally grounded
notions of harm, help-seeking, and coping.

3 Toward Culturally-Aware Al
Architecture: A Research Agenda

In this section, we outline our vision for cultural
architecture: designing systems to encode cultural
variability as an architectural parameter rather than
treating it as post-hoc localization. We propose
core design principles, an operational strategy for
cultural dimensions, and sketch four complemen-
tary technical approaches. Our goal here is not
to present a complete solution- culturally oriented
Al remains an open challenge, but to chart a path
forward for industry researchers working towards
leveraging Al for the rising mental health chal-
lenges globally.
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3.1 Core Principles of Cultural Architecture

Culture as architectural parameter. Similar to
language-specific tokens in multilingual models
(Lample and Conneau, 2019), cultural parameters
condition model behavior, not as post-hoc local-
ization but as first-class architectural components
influencing reasoning, generation, and interaction
patterns.

Explicit modeling vs. implicit default. Current
systems claim neutrality while defaulting to West-
ern norms. When an LLM advises "set boundaries
with your parents” in response to family conflict,
it implicitly assumes individualistic autonomy is
appropriate. Explicit cultural modeling makes such
assumptions transparent and adjustable.
Multi-cultural competence. Drawing inspiration
from neurocognitive code-switching in bilingual
speakers, systems should handle multiple cultural
frameworks simultaneously, rather than requiring
separate fine-tuned models per culture, enabling
natural transitions between cultural contexts.
Cultural parameters as priors, not constraints.
Cultural dimensions describe population tenden-
cies, not individual determinants. A person from
a collectivistic culture may value personal auton-
omy in specific contexts. Systems use cultural in-
formation as Bayesian priors that update through
interaction (Gelman et al., 2013), not rigid catego-
rizations.

Support for hybrid identities. Second-generation
immigrants, multicultural families, and globally
mobile individuals navigate multiple cultural frame-
works (Benet-Martinez and Haritatos, 2005). Sys-
tems need composable representations that blend
cultural parameters fluidly, not binary categoriza-
tions.

3.2 Operationalizing Cultural Dimensions

The central challenge is transforming qualitative
cultural constructs into quantifiable parameters. We
propose Hofstede’s Individualism-Collectivism (I-
C) dimension as our starting point, a 0-100 scale
derived from validated surveys across 76 countries
(Hofstede, 2001). The USA scores 91 (highly indi-
vidualistic), China scores 20 (highly collectivistic),
correlating with observable patterns in therapeu-
tic practices and help-seeking behaviors (Triandis,
1995). We normalize this to a continuous parameter
¢ € [0,1] conditioning model behavior, where c=1
represents maximum individualism and ¢=0 repre-
sents maximum collectivism. For identical input

("I’'m stressed about family obligations conflicting
with my career goals"), individualistic conditioning
(c=0.9) yields: "It’s important to honor your own
aspirations. What boundaries might help?" while
collectivistic conditioning (c=0.2) yields: "How
might you discuss this with your family to find a
path that fulfills your responsibilities...?" Current
LLMs default to individualistic patterns regardless
of context.

Beyond I-C and avoiding stereotypes. Com-
prehensive systems would incorporate additional
dimensions-Power Distance (therapeutic relation-
ship expectations), Uncertainty Avoidance (diag-
nostic ambiguity comfort), as a multi-dimensional
cultural vector. Critical safeguards prevent stereo-
typing: cultural parameters are continuous (not
categorical), serve as Bayesian priors that update
through interaction (Gelman et al., 2013), and are
user-adjustable. Users can explicitly override as-
sumptions, just as they set language preferences.
Hybrid identities. Bicultural individuals, second-
generation immigrants, multicultural families navi-
gate multiple frameworks simultaneously (Benet-
Martinez and Haritatos, 2005). Systems must sup-
port: (a) uncertainty estimates updating with evi-
dence, (b) contextual variation (collectivistic fram-
ing for family discussions, individualistic for career
contexts), and (c¢) cultural code-switching between
frameworks. This requires continuous, composi-
tional cultural representations rather than discrete
categories.

3.3 Technical Approaches

Below, we present four technical approaches to
implement the idea discussed so far. It is crucial
to note that these are not mutually exclusive, and
robust systems may combine multiple strategies,
as deemed necessary. These approaches could be
viewed as different entry points into the problem,
each with distinct trade-offs w.r.t data requirements,
computational cost, interpretability, and ease of de-
ployment. This requires moving from discrete cul-
tural categories toward continuous, compositional
cultural representations, a technical challenge we
address in the next section.

Option 1: Culturally-Conditioned Language Mod-
els: The most direct approach extends the condi-
tional generation paradigm: modern LLMs already
condition on various factors - control codes for
style, domain and other attributes (Keskar et al.,
2019; Ouyang et al., 2022). We propose adding
cultural parameters to this conditioning set via cul-
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tural tokens - analogous to the language identi-
fiers in multilingual models (Lample and Conneau,
2019) - such as [I] or [C] to specify individualism-
collectivism orientation. For instance, when a user
discusses family-career conflict, a system condi-
tioned on individualistic parameters might respond:
"This is your life and your decision. What feels
more authentic to you?" In contrast, collectivistic
conditioning yields: "Let’s think about how to dis-
cuss this with your family in a way that honors
their hopes while expressing your interests." Same
input, culturally-appropriate variation in framing.
Option 2: Mixture-of-Cultural-Experts: Mixture of
Experts (MoE) architectures can offer specialized
modules for different cultural reasoning patterns,
combined via learned gating (Shazeer et al., 2017).
For example, Expert 1 specializes in individualistic
therapeutic reasoning (trained on Western therapy
data); Expert 2 handles collectivist patterns (e.g.,
Asian/Latin American contexts); Expert 3 manages
hybrid bicultural reasoning. The gating network
routes inputs to appropriate experts based on cul-
tural parameters and context, enabling natural cul-
tural code-switching for bicultural users. This mod-
ularity improves interpretability (in this case, ex-
amining which experts’ activation reveals cultural
framing), enables extensibility (adding cultural ex-
pertise without full retraining), and reduces inter-
ference during training. In this regard, Google’s
Switch Transformer (Fedus et al., 2022), and multi-
lingual models with language-specific experts (Lep-
ikhin et al., 2021) provide technical precedent.
Option 3: Meta-Learning for Cultural Adapta-
tion: Both previous approaches require substantial
culturally-labeled training data. But high-quality
mental health data is scarce for most non-Western
contexts (Saxena et al., 2007). Meta-learning offers
a solution: train models to learn how to adapt to
new cultural contexts with minimal data (Finn et al.,
2017). Model-Agnostic Meta-Learning (MAML)
finds model parameters that, after a few gradient
steps on a new cultural context, achieve strong per-
formance. This addresses data scarcity: given just
10-20 examples of culturally-appropriate therapeu-
tic interactions in an under-resourced context (e.g.,
indigenous communities), a meta-learned model
could adapt effectively while preserving general
capabilities. Meta-learning has been successfully
applied to domain adaptation (Li et al., 2018), per-
sonalization (Finn et al., 2019), and cross-lingual
transfer (Nooralahzadeh et al., 2020). Cultural
adaptation is a natural extension of learning to learn

across cultural distributions rather than linguistic
ones.

Option 4: Multi-Task Learning with Cultural Ob-
jectives: Rather than hoping cultural awareness
emerges from standard pre-training, we propose
incorporating it explicitly through auxiliary ob-
jectives (Ruder, 2017). (a) Cultural value pre-
diction: Given a therapy dialogue snippet, pre-
dict associated cultural dimension values (e.g.,
individualism-collectivism score) to encourage
learning culturally-sensitive representations (Arora
et al.,, 2023a). (b) Contrastive cultural learn-
ing: Train models to assign higher probability to
culturally-appropriate responses than inappropriate
ones for a given context (Chen et al., 2020), directly
optimizing for cultural alignment rather than hop-
ing it emerges from language modeling alone. (c)
Cultural reasoning tasks: Include explicit reason-
ing about cultural appropriateness, explaining why
responses are/aren’t suitable, generating culturally-
adapted paraphrases, or predicting cross-cultural in-
terpretation differences. This multi-task approach
builds cultural awareness from pre-training rather
than treating it as post-hoc adaptation.

4 Ethical Considerations and Path
Forward

Architecting cultural variability into LLMs for men-
tal health raises critical tensions. We must avoid
exporting WEIRD assumptions as defaults while
also preventing culture from becoming a static
template that overrides individual needs. Current
LLMs show systematic cultural value skews (Ma-
soud et al., 2025) and reproduce cultural stereo-
types in interpersonal contexts (Yuan et al., 2025) -
behaviors that are safety-relevant in mental health
applications because they influence what systems
optimize for (self-advocacy versus relational har-
mony) and treat as risk signals (family involve-
ment versus coercion). In this context, three eth-
ical risks demand attention: (1) Reducing indi-
viduals to stereotypes if culture is implemented
as fixed labels rather than soft, reversible priors
that generate options rather than directives (Amer-
ican Psychiatric Association, 2013a); (2) Gover-
nance and privacy questions about who decides
cultural appropriateness, training data curation,
policy constraints, and evaluator selection are gov-
ernance choices requiring stakeholder involvement
(Delgado et al., 2023); and (3) Power dynamics
in cultural data collection that can mirror extrac-
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tive patterns, requiring consentful, context-specific
governance and contestability mechanisms (Lewis
et al., 2020).

Technical and deployment challenges. Signifi-
cant open questions remain: High-quality mental
health data is scarce for most non-Western cultures
- how do we build culturally-aware systems without
reinforcing data colonialism (Couldry and Mejias,
2019)? How do systems determine cultural con-
text without stereotyping based on location, yet
without delaying appropriate responses? Standard
NLP metrics cannot assess cultural appropriate-
ness; we need evaluation frameworks involving
cross-cultural mental health experts and commu-
nity validation (Benrimoh et al., 2023). Support-
ing diaspora, multicultural identities, and within-
culture variation, where users code-switch across
contexts, requires moving beyond national or lan-
guage proxies toward preference elicitation (Kir-
mayer and Minas, 2000). Finally, regulatory frame-
works (FDA, CE marking) assume fixed systems;
culturally-adaptive Al requires new approaches to
safety validation.

Recommendations for industry. For organiza-
tions deploying mental health Al globally, we rec-
ommend: (/) Start with transparency make cur-
rent cultural assumptions explicit and allow users
to set cultural preferences alongside language se-
lection; (2) Phased deployment - begin with cul-
tural conditioning (Option 1) using validated di-
mensions, monitoring for misalignments before
advancing to complex architectures; (3) Invest in
culturally-diverse evaluation-standard benchmarks
reflect Western contexts, requiring new datasets
developed with mental health professionals from
target cultures; (4) Regulatory engagement work
with regulators to develop validation frameworks
for adaptive systems; and (5) Community partner-
ship - meaningful collaboration with mental health
communities across cultures in data sharing, vali-
dation, and governance.

Research priorities for the NLP community. Ur-
gent questions include: What constitutes valid met-
rics for cultural appropriateness beyond country-
level survey averages (Masoud et al., 2025)? What
abstention and clarification policies are appropriate
when cultural signals conflict? What participatory
mechanisms give communities substantive power
over objectives rather than only post-hoc feedback
(Delgado et al., 2023)? How can cultural condition-
ing avoid encoding stereotypes, given evidence that
LLMs amplify cultural biases (Yuan et al., 2025)?

What consent and data control models are feasible
in stigmatized mental health contexts (Lewis et al.,
2020)?

5 Conclusion

A credible counter-argument holds that core psy-
chological needs transcend cultural boundaries,
making cultural layers unnecessary complexity.
However, while needs may be universal, their ex-
pression is strictly cultural, ignoring these nuances
imposes majority values. Cultural architecture is
not merely an academic concern but a clinical
safety and ethical imperative. Digital mental health
support cannot be culturally neutral; it must be
culturally aware, adaptive, and accountable to the
communities it serves.
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