Cultural Adaptation and Evaluation of LLM-Driven Mental Health Conversational Agents

Serena Jinchen Xie

A dissertation
submitted in partial fulfillment of the

requirements for the degree of

Doctor of Philosophy

University of Washington

2025

Reading Committee:

Trevor Cohen, Chair
Weichao Yuwen

Magaly Ramirez

Andrea Hartzler

Program Authorized to Offer Degree:

Biomedical Informatics and Medical Education



©Copyright 2025

Serena Jinchen Xie



University of Washington

Abstract
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Department of Biomedical Informatics and Medical Education

Mental health disparities disproportionately affect underserved family caregivers, due in part to
the limited availability of culturally responsive interventions. While large language model
(LLM)-driven conversational agents hold promise for scalable mental health support, their
responses often lack cultural responsiveness, undermining empathy, therapeutic alliance, and

engagement among diverse populations.

This dissertation develops and evaluates a novel approach for dynamic cultural
adaptation of LLM-based mental health agents leveraging context engineering. The process
began with stakeholder engagement to identify culturally salient caregiving challenges among
Chinese American family caregivers (Aim 1). In collaboration with domain experts, a cultural
context database was developed to capture these challenges alongside culturally responsive
response examples, enabling real-time retrieval and integration of relevant context during agent

interactions.



To evaluate this approach, I conducted a contextualized, multiphase evaluation through
a series of user studies with Chinese American and Latino American family caregivers. Findings
show that the context-engineered system consistently generated responses rated as more
culturally responsive and empathic than both a prompt-based adaptation strategy and a baseline
non-adapted agent (Aim 2). In a randomized user study with Chinese American caregivers (Aim
3), the culturally adapted agent significantly improved near-term emotional well-being and
received higher ratings for cultural competence and therapeutic alliance compared to the
non-adapted agent. Notably, participants indicated greater willingness to recommend the

adapted agent within their communities.

Together, this work contributes: (1) a workflow for adapting LLM-based conversational
agents to diverse populations, (2) empirical evidence that cultural adaptation enhances user
outcomes in mental health agents, and (3) a human-centered evaluation procedure for assessing
cultural responsiveness of Al in mental health contexts. While future research is needed to
refine and validate this approach across additional cultural groups and care domains, the
findings represent a significant step toward advancing equitable, culturally responsive digital

mental health support and reducing persistent disparities in access and quality of care.
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CHAPTER 1. Introduction

1.1 The Need for Mental Health Conversational Agent

Mental health conditions affect approximately 22.8% of U.S. adults, roughly one in five adults in
the U.S. (National Alliance on Mental Illness [NAMI], n.d.). Yet, less than half of those
individuals receive any form of treatment (NAMI, n.d.). Access to mental health care remains a
challenge. A limited availability of licensed mental health professionals has left many areas
designated as Mental Health Professional Shortages Areas, affecting about 160 million people in
the U.S., with rural communities especially impacted (Health Resources & Services
Administration [HRSA], 2023). The gap between mental health care need and access is
particularly stark among racial and ethnic minorities. For instance, only 25.4% of Non-Hispanic
Asian adults and 36.1% of Hispanic or Latino adults who need mental health treatment receive
any form of care (National Alliance on Mental Illness [NAMI], n.d.). For many individuals, costs
and lack of insurance coverage further impede access to traditional therapy (Han et al., 2017).
Additionally, cultural stigma around mental health can discourage help-seeking, especially in

certain ethnic communities (Cabassa et al., 2007; Kung, 2004).

Artificial Intelligence (AI) systems, especially conversational Al agents or “chatbots,”
have the potential to help bridge these mental health care gaps. Recent advances in large
language models (LLMs) have enabled Al systems to simulate therapists to provide support or
deliver psychotherapy (Lawrence et al., 2024; Li et al., 2023). Unlike traditional human
therapists, these Al conversational agents can be accessed on-demand 24/7 (Inkster et al., 2018;
Fulmer et al., 2018), potentially at lower costs (Vaidyam et al., 2019), and with lower fear of
judgement (Hoermann et al., 2017). Research suggests some users may feel more comfortable

disclosing information freely to Al agents than to human clinicians (Gale et al., 2014). Unlike the



previous generations of rule-based chatbots that relied on prewritten responses, LLM-based
conversational agents are able to engage users in natural, context-aware dialogues. Thakkar et
al. (2024) reported that AI-powered mental health tools can facilitate emotional regulation
through tailored interventions, such as guiding users in relaxation exercises, deep breathing,
and personalized stress management strategies. Lawrence et al. (2024) further highlighted the
emerging applications of LLM-powered conversational agents in mental health education,
assessment, and intervention, highlighting their potential to deliver novel, large-scale solutions
to address growing public mental health needs. Building on these foundations, Heinz et al.
(2025) conducted one of the first large-scale randomized controlled trials of a fully generative
Al-based chatbot, Therabot. In this study, 210 U.S. adults who screened positive for major
depressive disorder, generalized anxiety disorder, or clinically high-risk feeding and eating
disorders were randomized to either a four-week Therabot intervention or waitlist control.
Compared with controls, Therabot users demonstrated large, statistically significant symptom
reductions across all diagnostic groups (Cohen's d = 0.63—0.90), with high engagement
(averaging over 6 hours total use) and therapeutic alliance ratings comparable to
human-delivered therapy. Collectively, these insights support the role of Al as a scalable,
front-line component in mental health systems, with the potential to bridge the gap between

public need and professional resources.

1.2 Challenges for AI-Based Mental Health Support

Conversational Al has demonstrated impressive capabilities in providing mental health support
and general well-being coaching (Li et al., 2023). Yet, the context of mental health poses unique
challenges not encountered in more task-oriented domains (such as customer service chatbots).
LLMs are known to have hallucinations and sycophancy issues —factually incorrect or

misleading responses—which can erode user trust and introduce harm in emotionally vulnerable



contexts, for example, encouraging clients’ delusional thinking (Moore et al., 2025). Privacy is
also a critical issue, as users may not fully understand how their sensitive disclosures are stored,
used, or shared. Al models trained on mental health data face risks of inadvertently encoding or
revealing sensitive user information (Mandal et al., 2025). Additionally, these Al models often
reflect the sociocultural assumptions embedded in their training data, which can lead to biased
or culturally incongruent interactions. Mental health conversations are deeply personal and
emotional, and an individual’s cultural, social, and psychological background profoundly
influences how they express distress, frame coping strategies, and receive support (Song et al.,
2024; Chu & Leino, 2017). Cultural beliefs, for example, shape how symptoms of emotional
distress are recognized and labeled (Okazaki & Tanaka-Matsumi, 2006), and determine which
coping strategies are considered acceptable or helpful. In some East Asian cultural contexts,
coping through quiet endurance or family-centered activities (e.g. taking a restorative bath or
hosting a family gathering) may be more valued than openly discussing one’s emotions (Tsai et
al., 2006). Furthermore, communication styles vary — Latino and East Asian cultural norms
often favor indirect communication and high-context conversational cues (e.g., relying on tone
of voice, pauses, shared cultural references, and nonverbal signals such as eye contact or
gestures to convey meaning without explicit statements), which can add complexity to achieving

mutual understanding in a therapeutic dialogue (Santiago-Rivera & Altarriba, 2002).

Current LLM-powered conversational agents (i.e., Al agents) may be poorly responsive
to these cultural nuances. Studies have shown that state-of-the-art LLMs are trained
predominantly on data reflecting Western norms and values (Johnson et al., 2022; Arora et al.,
2023). As a result, their default language patterns and elicited emotional responses align more
closely with Western individualistic perspectives, potentially overlooking or misinterpreting
non-Western cultural expressions (Havaldar et al., 2023; Keleg et al., 2023). This cultural

asymmetry in training data means that important nuances — such as collectivist values, family



dynamics, or cultural idioms of distress — may not be adequately represented in the AI agent’
responses. Indeed, recent work has found that LLM outputs tend to align more strongly with
Western values and viewpoints, even in multilingual models, indicating that linguistic diversity
alone does not guarantee multicultural understanding (Benkler et al., 2023; Rystrom et al.,
2025). This lack of cultural alignment can undermine user trust and reduce the perceived
empathy of the AT agents’ responses (Song et al., 2024; Ullrich, 2019). If an Al agent produces
advice or emotional reflections that feel irrelevant — or worse, insensitive — to a user’s lived
experience, the user may quickly disengage (Song et al., 2024). In therapeutic terms, such
misalignment can erode the therapeutic alliance — the collaborative, trusting bond between

client and therapist that is critical for positive outcomes (Ullrich, 2019; Wampold, 2015).

Given that Al-based mental health tools are often proposed as a way to expand access for
underserved populations, any inability to account for cultural differences poses a serious
concern: rather than narrowing mental health disparities, generic Al tools could inadvertently
amplify them. Therefore, this dissertation tackles the crucial question of how we can
systematically and scalably culturally adapt AI-driven mental health interventions to better
serve culturally diverse users. In particular, we focus on Chinese American and Latino American
family caregivers—populations that face substantial caregiving burdens while remaining
traditionally underserved in mental health care (NAMI, n.d.). These groups also represent
speakers of the two most commonly used non-English languages in the U.S., contexts where Al

interventions can significantly reduce language barriers and improve accessibility.

However, while the Al tools offer considerable promise, one challenge remains in
ensuring this potential is realized equitably. In particular, this dissertation argues, AI-powered
mental health support must move beyond a one-size-fits-all approach and toward cultural

responsiveness if it is to effectively reach and engage diverse populations.



1.3 Making Al Useful in Mental Health Care

For Al-powered tools to be useful across diverse populations, it is not enough for them to
demonstrate technical accuracy or provide generic expressions of empathy. Mental health
support is deeply relational and culturally embedded. In human-delivered psychotherapy,
therapists tailor their language, tone, communication style, and therapeutic strategies to align
with the cultural backgrounds and lived experiences of their clients (Tseng, 2004; Hwang et al.,
2006; Rathod et al., 2019). This individualized cultural responsiveness is mirrored at the level of
intervention design through a process known as cultural adaptation—a critical strategy for
improving engagement and treatment efficacy for diverse clients from different cultural
backgrounds (Bernal et al., 1995; Perera et al., 2020; Naeem et al., 2019; Ramirez et al., 2023).
This process is known as cultural adaptation. Cultural adaptation goes beyond surface-level
translation of language; it is a systematic, theory-informed process of aligning intervention
content with the values, norms, idioms, practices, and worldviews of a specific cultural group

(Bernal et al., 1995; Chu & Leino, 2017).

Empirical research has consistently demonstrated that culturally adapted mental health
interventions yield better outcomes for marginalized groups (Ennis et al.., 2020; Degnan et al.,
2018; Griner & Smith, 2006). Meta-analytic evidence shows that interventions enhanced with

cultural tailoring are more effective in improving clinical outcomes than their unadapted

tools—such as chatbots that integrate culture-specific knowledge into the Al system—can lead to
higher user satisfaction and engagement (Chang et al., 2024). In practice, communities ranging
from Latino families to Chinese American caregivers have been shown to experience higher
engagement, greater satisfaction, and improved outcomes when services are delivered in a

culturally congruent manner (Beasley et al., 2021; Hong et al., 2022; Cardona et al., 2012%8%).



These findings underscore that cultural relevance is not a mere “nice-to-have,” but rather a

determinant of an intervention’s effectiveness and user acceptance.

In the realm of Al and LLMs, researchers have begun exploring methods to imbue
models with cultural knowledge. One approach involves fine-tuning or continued training on
culturally specific datasets to better align model outputs with a target culture’s language use,
norms, and values (Bai et al., 2025; Huang et al., 2024; Masala et al., 2024). While promising,
these weight-tuning approaches require substantial technical expertise, computational
resources, and large volumes of high-quality, culturally specific data. Even when community
organizations partner with technical developers or researchers to create culturally adapted Al
tools, the resource demands of fine-tuning approaches often exceed what these partnerships can
sustain long-term or scale across diverse populations. Moreover, for many cultural
groups—particularly those underrepresented in digital spaces—relevant training data may be

scarce, inaccessible, or simply nonexistent.

This work responds to these questions by experimenting with LLM-facilitated cultural
tailoring techniques that do not require retraining the model from scratch. Specifically, we
investigate approaches that leverage prompt tailoring and retrieval-augmented generation
(RAG) within LLM workflows to dynamically deliver culturally responsive support. Grounded in
evidence-based psychotherapy practices and co-designed with community stakeholder input,
our approach aims to move beyond proof-of-concept toward practical, adoptable methods for
real-world mental health interventions that promote equity. In essence, we seek to demonstrate
that cultural tailoring can be achieved “on the fly” — during Al-generated conversations —
through intelligent prompting and context injection, rather than through data-intensive training

or manual editing.



1.4 The Case of Family Caregivers and COCO Health

To explore the real-world design, development, and evaluation of culturally responsive
conversational Al, this dissertation centers on the context of family caregivers and leverages an
existing platform called COCO Health. COCO Health is a conversational Al system originally
developed by colleagues as a digital mental health support tool for family caregivers (Kearns et
al., 2020; Wang et al., 2025; Filienko et al., 2024; COCO - Care for Caregivers., n.d.). It provides
an ideal testbed for studying cultural tailoring of conversational agents for several reasons: it
targets a high-need population, it is built on evidence-based therapy techniques, and it was

designed with flexibility for research-driven modifications.

Family caregivers experience significant physical, emotional, and financial burdens as
they care for relatives with illnesses or disabilities (AARP, 2020). Asian American caregivers —
and Chinese American family caregivers in particular — have been found to experience higher
stress and depression levels on average than White American caregivers (AARP, 2020; Pinquart
& Sorensen, 2003; Semere et al., 2019). Despite this elevated burden, they also report more
barriers to accessing and completing mental health services and often have a lower perceived
need for formal support (Green et al., 2020). This population faces unique challenges when
balancing caregiving and self-care. For example, in Chinese culture the value of filial piety
creates a strong sense of obligation to care for aging parents, which can lead caregivers to
neglect their own well-being out of duty (Guo et al., 2019; Miyawaki, 2015). Language barriers
and limited English proficiency among immigrant caregivers further hinder access to support
resources (Chi & Boot, 2019), potentially exacerbating stress (Hong et al., 2024). Caregivers
often struggle to incorporate self-care practices into their lives due to these cultural and practical

barriers (Hong et al., 2024; Wang et al., 2021), despite an unmet need for self-care support



documented in this community (Xu et al., 2024; Yu et al., 2024; Chi et al., 2020). Al systems

offer promising scalable solutions to help support family caregivers (Wang et al., 2024).

COCO Health was created to support caregiver mental health using evidence-based
methods, specifically Problem-Solving Therapy (PST) — a structured therapeutic approach that
helps individuals manage stress and address everyday problems. The key feature of COCO
Health for our purposes is its conversational AI module. Rather than relying on rigid scripts or
simple rule-based dialogues, COCO’s chatbot utilizes a semi-structured conversation flow
powered by generative LLMs. It is guided by carefully designed prompts (including few-shot
examples) authored by clinical experts to ensure the LLM-driven conversational agent’s
responses follow therapeutic principles (Filienko et al., 2024). This design allows the Al system
to respond flexibly and empathetically to users, within the boundaries of PST’s framework. The
system was not intended to replace human therapists, but to provide low-intensity, easily
accessible support with an emphasis on empathy and emotional validation. In prior work, the
COCO Health AI has been evaluated to refine its prompting strategies and assess its capacity to
build a therapeutic alliance with users. For example, Filienko et al. (2024) identified optimal
prompt configurations for eliciting emotionally intelligent, tailored support responses. Wang et
al. (2025) demonstrated that carefully crafted prompts (in English) enabled the AI to foster a
reasonable level of therapeutic alliance with caregivers, indicating potential for users to feel

heard and supported by the chatbot.

This dissertation builds upon COCO Health by extending it to support culturally
responsive dialogue for specific caregiver communities. In doing so, we transform COCO Health
into a platform for investigating how cultural context can be integrated into AI-driven mental
health support. Our focus is on two caregiver groups: (1) Chinese American caregivers of older
adults who prefer to speak Chinese, and (2) Latino American caregivers of children with special

needs (specifically, autism) who prefer to speak Spanish. These groups were chosen because



they represent speakers of the two most commonly used non-English languages in the U.S. and
underserved populations with well-documented cultural influences on caregiving and mental

health, allowing us to study the impact of adaptation in contrasting cultural contexts.

Ultimately, COCO Health serves both as a practical application — aiming to deliver real
support to caregivers — and as a research vehicle for examining the processes and outcomes of

culturally tailored conversational agents.
1.5 Specific Aims

The overarching goal of this dissertation is to develop and evaluate culturally responsive
LLM-based conversational agents for mental health support, with a focus on addressing the
needs of underserved cultural communities. In pursuit of this goal, the work is organized around

three specific aims:

Aim 1: Identify culturally salient caregiving challenges and self-care support
needs to guide adaptation of LLM-based mental health tools. For this formative aim,
we engaged directly with stakeholders to understand the cultural and contextual needs of the
target populations. We conducted qualitative interviews and focus groups with two key
stakeholder groups: family caregivers from the target cultural communities and staff from
community-based organizations that serve these caregivers. The objectives were: (1) to establish
the need for cultural adaptation in digital mental health interventions for caregivers, and (2) to
identify caregiving-related stressors and self-care challenges that are particularly salient within

the cultural context of the target populations.

Findings from Aim 1 yielded a set of culturally relevant themes and scenarios that
formed the foundation for constructing a cultural context database. This database was used in

Aims 2 and 3 to enable retrieval-augmented cultural adaptation, allowing the Al system to
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integrate culture-specific knowledge into its responses through context-aware prompt

construction.

Aim 2: Design and implement LLM-based cultural adaptation techniques to
improve the cultural responsiveness of conversational agents. Based on insights from
Aim 1, this aim explores and experiments with two different technical approaches for making an

LLM-driven mental health agent more culturally responsive:

Aim 2.1 Prompt-based adaptation. We developed prompt tailoring methods, where
culturally relevant context or instructions are embedded directly into the prompts given to the
LLM. This prompt-based strategy called ‘cultural prompting’ was used in cultural alignment
research in the field of natural language processing. We evaluated this prompt-based strategy in
a controlled setting (offline, static evaluation) with family caregivers to assess their impact on
cultural responsiveness and perceived empathy of the LLM’s responses. We conducted separate
evaluations for Chinese American caregivers of older adults and Spanish-speaking Latino
caregivers of children with autism, to examine the effectiveness of prompt-based cultural
adaptation in each group. We also analyzed the relationship between the LLMs’ cultural

responsiveness and users’ perceptions of the LLMs’ empathy.

Aim 2.2 Dynamic retrieval-based adaptation. We designed a dynamic adaptation
strategy using context engineering with Retrieval-Augmented Generation (RAG). In this
approach, the agent can retrieve culturally relevant information on the fly and incorporate it into
its responses. We implemented this as an LLM workflow (multi-step LLM process) and
evaluated it in an interactive setting. Family caregivers and community organization staff from
the Chinese American caregiver community participated in real-time, hands-on sessions with
three versions of the conversational agent: (1) a baseline agent without cultural adaptation, (2) a

culturally adapted agent using the prompt-based method, which used the pre-existing strategy
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described in Aim 2.1, and (3) a novel culturally adapted agent using the dynamic context
engineering method. This within-subject comparative evaluation allowed us to directly measure
improvements in cultural responsiveness, empathy, and therapeutic alliance due to the adaptive
techniques. We also identified which of the two adaptation methods (prompt-based vs. context
engineered) performed better, to determine which method would be used to power the adapted

agent in Aim 3.

Aim 3: Evaluate the impact of cultural adaptation on perceived empathy,
therapeutic alliance, and preliminary health outcomes in a real-world usage
scenario. For this aim, we conducted a randomized experiment with end-users to rigorously
assess whether cultural adaptation affects user experience and outcomes. Chinese American
family caregivers were randomly assigned to use either: (1) the culturally adapted conversational
agent (as developed through Aim 2 and refined based on the comparative results), or (2) a
baseline non-adapted version of the agent. After a full interactive session with the AI, we
measured key outcomes including the caregiver’s perceived empathy from the agent, the
therapeutic alliance formed, their satisfaction with the interaction, and some preliminary mental
health outcome indicators, specifically immediate changes in emotional states. In doing so, we
examined the practical impact of cultural adaptation on user experience and short-term mental
health outcomes. The results provide insight into whether the benefits observed in controlled

comparisons translate into meaningful improvements in real-world usage.

For both Aim 1 and Aim 2.1, the studies were first conducted with Chinese-speaking
Chinese American family caregivers, followed by parallel studies with Spanish-speaking Latino
family caregivers. The parallel interview study in Aim 1 was conducted by bilingual
Spanish-speaking collaborators, whereas the parallel study in Aim 2.1 was carried out

collaboratively by the author and Spanish—English bilingual researchers. Accordingly, the Aim 1
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parallel study with Latino caregivers is not presented in this dissertation, whereas the Aim 2.1

parallel study with Latino caregivers is included.

Following completion of the first draft of this dissertation, I used ChatGPT for
copyediting assistance to identify grammatical errors and enhance the clarity and flow of the

writing.

1.6 Overview of Dissertation

Chapter 5
Development of cultural adaptation
approach using context engineering

Chapter 3 Chapter 4 Chapter 6 Chapter 7
Aim 1 Aim 2.1 Aim 2.2 Aim 3
Identify culturally Evaluate the Evaluate the effectiveness of prompt and Evaluate the effects of a
salient caregiver effectiveness of cultural context engineering approaches on culturjally adapted agent on
challenges prompting cultural responsiveness, empathy, and emotional well-being and
working alliance working alliance

Figure 1.1. Overview of the dissertation structure.

This dissertation is structured as follows. Chapter 2 (Background) frames the research problem
by reviewing relevant literature and highlighting the key gaps that this work addresses. In
particular, Chapter 2 discusses: (1) the lack of scalable, real-time cultural adaptation methods
that are compatible with current generative Al technologies, and (2) the lack of contextually
grounded, user-centered evaluation frameworks for cultural responsiveness in mental health Al

systems. These gaps motivate the aims and approach of this dissertation.

Chapter 3 (Aim 1) describes the qualitative study conducted to understand stakeholder
needs. Through interviews and focus groups with Chinese American caregivers and community
staff, this chapter identifies the culturally salient caregiving, self-care, and mental health care

challenges of this population. Examples of challenges uncovered include communication
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barriers between adult children and their elderly parents, the social isolation of older adults
resulting in caregiver guilt, and difficulties navigating healthcare and social service systems in a
culturally unfamiliar environment. These insights directly informed the development of a
cultural context database designed to support culturally responsive responses from the mental
health conversational agent. The themes identified in this chapter lay the foundation for the Al

adaptation process detailed in Chapter 5.

Chapter 4 (Aim 2.1) details the development and evaluation of the prompt-based cultural
adaptation technique, referred to as cultural prompting (Tao et al., 2024). In this chapter, two
studies (one with Chinese caregivers, one with Latino caregivers) are presented. Caregivers rated
the cultural competence, cultural relevance, and empathy of Al-generated mental health support
responses with vs. without cultural prompting. The results showed that adding cultural context
into the prompts significantly improved GPT-40’s performance on all measured dimensions.
Moreover, a mediation analysis suggested that the enhancements in perceived empathy were
driven by the agent’s improved cultural responsiveness, highlighting the importance of cultural

responsiveness in building empathy.

Chapter 5 (Aim 2.2) then describes the development of a dynamic cultural adaptation
system using context engineering. In this approach, instead of pre-defining cultural content in
the prompt, the system can intelligently determine when to retrieve relevant cultural context
from the database (constructed from Chapter 3’s findings) and incorporate it into its responses
in real time. Chapter 5 details the design decisions and implementations involved in building
this LLM-based workflow, including how we developed the cultural context database and
integrated retrieval-augmented generation (RAG) into the conversational agent. The chapter
explains how the system decides when to fetch cultural context, how the retrieved information is
filtered and used within the final response generation, and how we balance the contributions of

human-authored cultural knowledge with the generative model’s capabilities.
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Chapter 6 (Aim 2.2, continued) presents a with-in subjects evaluation study with three
prototype agents: (1) an unadapted baseline agent, (2) a prompt-based culturally adapted agent
(from Chapter 4), and (3) a dynamically adapted agent using the context-engineering approach
(from Chapter 5). In this study, which involved both Chinese American caregivers and
community staff as participants, each participant interacted with all three versions (in a
randomized order) using the same caregiving scenario. We collected quantitative evaluations
using validated instruments — such as the Session Rating Scale (SRS) for therapeutic alliance,
and custom cultural competence and relevance questionnaires — to compare empathy, alliance,
and cultural responsiveness across the three conditions. Findings demonstrate that the dynamic
context-engineered agent (Prototype 3) outperformed both the prompt-based and non-adapted
agents on most metrics, indicating the added value of real-time cultural adaptation with

human-authored use-case specific cultural knowledge.

Chapter 7 (Aim 3) reports on the randomized user study with Chinese American
caregivers as end-users. In this chapter, the best-performing culturally adapted agent from
Chapter 6 is compared against a non-adapted baseline in a between-subjects design. Whereas
Chapter 6’s evaluation involved each participant trying all versions, Chapter 7 focuses on real
end-users each using one version in a realistic usage scenario. Outcome measures include
preliminary health indicators (e.g., mood changes measured by the PANAS), as well as perceived
empathy, therapeutic alliance, and user satisfaction. This evaluation enables us to examine the
practical impact of cultural adaptation on user experience and short-term mental health
outcomes. The results provide insight into whether the benefits observed in controlled

comparisons (Chapter 6) translate into meaningful improvements in real-world scenarios.

Finally, Chapter 8 provides a synthesis of the contributions and findings of the
dissertation. We summarize the end-to-end workflow we developed for culturally adapting

LLM-driven mental health conversational agents, compare the effectiveness of the two
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adaptation strategies (prompt-based vs. dynamic retrieval-based), and discuss the implications
for generalizability. We also address the limitations of our approach and outline directions for
future research, such as extending the methods to other cultural groups, exploring long-term
outcomes, and ensuring ethical, safe deployment of culturally adaptive Al in real-world care

settings.
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CHAPTER 2. Background

2.1 The Potential of AI-Powered Conversational Agents the

Gap in Mental Health Care Services

2.1.1 Mental Health Gap and Equity

The United States is facing an ongoing mental health crisis. More than one in five
American adults, approximately 57.8 million people, currently live with a mental illness
(National Institute of Mental Health, 2023). Additionally, 27% of Americans report stress levels
that significantly impair their daily functioning (American Psychological Association, 2022).
Unfortunately, these substantial mental health needs are not being met with adequate services.
As of 2024, over 120 million Americans (around 37% of the population) reside in areas officially
designated as having a shortage of mental health professionals (HRSA, 2023). In practical
terms, this means tens of millions of people cannot readily access a therapist or counselor in

their community.

Crucially, the gap between mental health needs and available care is not uniform across
society — it disproportionately affects marginalized and minority communities. Asian
Americans, for example, have the lowest rate of mental health service utilization among major
ethnic groups (about 25% usage among those with a need), followed by Hispanic/Latino
Americans (around 36% usage), despite reporting high levels of psychological distress (NAMI,
n.d.). Within the context of caregiving, research shows that Asian American and Latino family
caregivers experience elevated stress levels compared to their White counterparts, yet also face
more barriers to completing treatment and often report a lower perceived need for mental

health services (AARP, 2020; Green et al., 2020; Semere et al., 2019).
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Multiple factors contribute to these disparities in mental health care access and
outcomes. Structural issues include inadequate insurance coverage and an uneven geographic
distribution of providers — rural areas and some urban neighborhoods simply lack mental health
clinics or professionals. There is also a scarcity of culturally and linguistically appropriate
resources; many mental health services are not tailored to non-English speakers or do not
account for cultural norms, which discourages use by minority groups. Moreover, cultural
stigma around mental illness and help-seeking remains prevalent in many communities, further
suppressing utilization of care (Ahad et al., 2023; Mongelli et al., 2020). Historical distrust of
healthcare systems and a lack of exposure to behavioral health concepts can also lead to lower
perceived need for services in some groups (The Commonwealth Fund, 2003). These factors
intersect to create a substantial mental health equity gap — even as overall awareness of mental
health grows, those in marginalized communities often do not benefit equally from advances in

care.

2.1.2 AI-Powered Mental Health Solutions: Current Landscape and Potential

To address the mismatch between widespread mental health needs and scarce human resources,
a range of Al-based solutions have emerged in recent years (Torous et al., 2023; Li et al., 2023).
In particular, AI-driven mental health conversational agents (chatbots) are seen as a promising
approach to provide scalable, cost-effective support that transcends some limitations of
traditional care (De Choudhury et al., 2023). These Al agents can operate without being bound
to office hours or physical locations, thus sidestepping many infrastructure constraints of the
healthcare system. Importantly, they also offer an anonymous, stigma-reducing access point for
individuals who may be hesitant to seek help due to fear of judgment or cultural stigma, making
communicating with a chatbot can feel more private and accessible (Corrigan & Matthews,
2003; Shi et al., 2025). Moreover, Al-driven agents have personalization capabilities to provide

tailored responses (Shi et al., 2025).



18

A number of Al mental health platforms and chatbots have shown encouraging results in
research studies and pilot deployments. For example, Woebot, a fully automated chatbot
delivering principles of Cognitive Behavioral Therapy (CBT) (Beck, 1976), demonstrated
effectiveness in reducing symptoms of depression and anxiety among college students and
young adults over several weeks of use (Fitzpatrick et al., 2017; Fulmer et al., 2018; Ponzo et al.,
2020). Similarly, Wysa, another popular CBT-based mental health chatbot, has reported
measurable reductions in depression and anxiety severity across diverse user populations in
both self-directed use and clinical evaluations (Inkster et al., 2018; MacNeill et al., 2024).
Beyond individual products, systematic research reviews have highlighted the broader potential
of Al interventions: studies suggest that mental health chatbots can improve adherence to
therapeutic exercises or self-management practices (Yasukawa et al., 2024) and can promote
overall well-being by providing accessible, on-demand emotional support (Li et al., 2023). These
findings collectively point to AI-powered conversational agents as viable tools to extend the

reach of mental health care.

Despite this promise, it must be noted that the evidence base is still developing. Many of
these studies have been conducted in English-speaking contexts and with relatively homogenous
user samples. The success stories of Woebot, Wysa, and others largely reflect outcomes in
Western cultural settings. To date, the promise of AI-powered mental health support remains
underexplored among culturally and linguistically diverse populations, such as recent
immigrants who prefer mental health services in languages other than English, including
Chinese and Spanish. In other words, while early trials and applications show that chatbots can
help users in general, we have far less understanding of how well they work for users from
non-Western backgrounds, or how to make them work better for those groups. The design and
content of current systems tend to be Western-centric, which may not resonate with users from

different cultural traditions. In the following sections, we delve into why cultural responsiveness
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is imperative for mental health interventions, and how current Al tools measure up (or fall

short) in this regard.

2.2 The Cultural Responsiveness Imperative

In the fields of psychology and medicine, the importance of delivering care in a culturally
responsive manner has been well established through decades of research and clinical
experience (Hofmann, 2006). Over time, several terms have been used to describe the
integration of cultural context into clinical care. Culturally responsive therapy refers to a
deliberate approach in which therapists actively (1) demonstrate cultural awareness, (2)
demonstrate knowledge of their clients’ cultural backgrounds, and (3) tailor therapy practices to
the unique cultural context and life experiences of clients accordingly (Eustis et al., 2023;
Jones-Smith, 2019; Center for Substance Abuse Treatment, n.d.; Sue et al., 1991). This concept
builds upon cultural competence, a widely adopted concept defined as “a set of congruent
behaviors, attitudes, and policies that come together in a system, agency, or among
professionals that enables effective work in cross-cultural situations” (SAMHSA, 2019; Chu
et al., 2022). However, cultural competence has been criticised that it tends to generalize
behaviors of a group and perpetuate cultural group stereotypes (Kirmayer, 2012; Jones et al.,
1996). Closely related to it is cultural humility, which emphasizes an ongoing commitment to
self-reflection of cultural awareness, and open to learning new cultural information from clients,
particularly in acknowledging and addressing power imbalances within therapeutic
relationships (Delfish et al., 2025; Mosher et al., 2017). Cultural sensitivity, often linked with
cultural awareness, focuses more on recognizing and respecting cultural differences (Sue et al.,
2008; Graham et al., 2013). Regardless of the terminology, the consensus is that acknowledging
and integrating a client’s cultural context enhances therapeutic trust and understanding

between provider and client (Sue & Zane, 1987; Sue et al., 2008). In this work, I adopt the term
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cultural responsiveness, as it represents the broader end-goal of cultural competence and
humility and it emphasizes not only awareness and respect but also proactively demonstrating
awareness and knowledge of clients’ cultural context and life experiences throughout the

therapeutic process.

2.2.1 Cultural Bias in Large Language Models

Turning to Al systems, we face the reality that large language models (LLMs), which form the
foundation of modern conversational agents, come with significant cultural biases. The
effectiveness of AI-driven mental health interventions is fundamentally constrained by the
cultural limitations embedded in these underlying models. LLMs (such as the GPT series, etc.)
have been trained on vast internet text corpora that are predominantly in English and thus
largely reflect Western norms, values, and viewpoints, which refers to the cultural orientations
commonly associated with North America and Western Europe, such as individualism, including
individualism, low power distance (i.e., egalitarian social structures), and a strong emphasis on
personal rights and freedoms (Hofstede et al., 2010; Johnson et al., 2022; Tao et al., 2024;
Havaldar et al., 2023). As a result, these models tend to mirror Western cultural patterns more

readily than those of non-Western cultures.

Research has consistently shown that popular LLMs exhibit systematic biases aligning
with Western values. For instance, one study found that an advanced LLM’s responses
demonstrated stronger alignment with individualistic, Western cultural perspectives compared
to viewpoints rooted in non-Western cultures (Benkler et al., 2023). In another study, while
pride is more openly expressed in Western cultures and more often inhibited in Eastern cultures
such as Japanese culture, Havaldar et al. (2023) found that LLMs failed to reproduce this
well-established cultural difference. Similarly, Tao et al. (2024) reported that in culturally

sensitive scenarios, such as attitudes toward family caregiving or guest etiquette, LLM responses
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frequently reflected Western individualist values (e.g., prioritizing personal boundaries). This
Western-centric orientation persists even in models that are multilingual or have seen diverse
data: being able to generate text in multiple languages is not the same as possessing a deep
understanding of multiple cultures. A model might generate responses in Chinese or Spanish,
yet still implicitly follow Western patterns of reasoning or counseling. This distinction is critical
in sensitive domains like mental health<s. Linguistic diversity in training data does not

automatically equate to cultural diversity of thought in the model’s responses.

The implications of these biases are far beyond research — they have real-world
consequences for users seeking help. Users from non-Western backgrounds might find
LLM-generated mental health advice to be subtly off-target, culturally insensitive, or simply not
relatable. They may express that “the bot doesn’t get where I'm coming from,” which reflects a
failure of the Al to align with the user’s cultural frame of reference (Hershcovich et al., 2022;
Tschuschke et al., 2022). In another study, the users from Black/African American communities
expressed strong preference for culturally relevant content in a generative AI powered App
(Bosco et al., 2025). Such misalignment could undermine the therapeutic potential of these Al
interventions. In the worst case, an insensitive or irrelevant response might even exacerbate a
user’s feelings of alienation or distress, especially among those who already feel marginalized.
Recent advances in personalization of LLM outputs raise the possibility of more tailored support
(Dingler et al., 2021; Lawrence et al., 2024), but as Pawar et al. (2024) argue, personalization
without explicit cultural awareness may just reinforce dominant norms and exclude
marginalized perspectives. In other words, a system might become very adept at individual
personalization (e.g. using a person’s name, remembering facts about them) yet still fail at
cultural personalization (understanding the cultural meaning behind the person’s experiences).
This points to the need for approaches that explicitly inject cultural knowledge and sensitivity

into Al systems.
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2.2.2 The Clinical Importance of Cultural Responsiveness in Mental Health Care

It is valuable to reiterate why cultural responsiveness is so crucial in a mental health context,
whether the provider is human or Al. Decades of clinical research confirm that when mental
health care is delivered in a way that respects and incorporates the patient’s cultural
background, outcomes improve (Sue & Zane, 1987; Sue et al., 2008; Chu et al., 2022). For
instance, encouraging a coping strategy that involves socializing with friends might be
ineffective (or even stressful) advice for a caregiver in a community where privacy and family
honor dictate keeping problems within the family. Therapists are trained to pick up on such
cultural cues and adjust their approach accordingly (Delfish & Chadha, 2025; Mosher et al.,
2017). An Al agent needs a way to do the same. In the context of digital mental health tools,
cultural responsiveness could mean the difference between a user sticking with an app or
abandoning it after one try. If a Latina mother using a parenting stress chatbot never sees her
cultural values or daily realities acknowledged in the conversation, she may conclude the tool
“just isn’t meant for people like me.” On the other hand, if the chatbot’s responses make her feel
seen — for example, validating the importance of familismo (i.e., strong family
interconnectedness) while helping her set personal boundaries — she may be more likely to

continue engaging and benefit from the program.

Recognizing the critical role of cultural responsiveness in mental health care, researchers
have developed cultural adaptation frameworks to guide the cultural adaptation of
evidence-based interventions (Bernal et al., 1995; Barrera & Castro, 2006; Domenech Rodriguez
et al., 2011). For instance, Barrera and Castro (2006) outlined a stepwise framework for cultural
adaptation that involves gathering information to identify potential areas for modification,
implementing preliminary adaptations based on these insights, testing the adaptations in pilot
studies, and refining them in response to pilot findings. Interventions adapted through such

structured processes have consistently demonstrated greater engagement and improved
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outcomes for target communities compared with unadapted interventions. These benefits have
been observed across a range of health conditions and cultural groups—for instance, tailoring
diabetes management programs to reflect dietary practices of specific ethnic communities, or
modifying therapeutic modalities to better align with community communication styles

(Resnicow et al., 1999; Castro et al., 2010).

In summary, both the technical characteristics of LLMs and the clinical principles of
mental health care point to cultural adaptation as an essential frontier. AI mental health agents
must account for cultural differences to truly fulfill their promise of broadening access and
improving outcomes. Failing to do so risks leaving entire groups of users behind and potentially

widening the disparities we set out to reduce.

2.3 The Gap Between Al Capabilities and Cultural

Adaptation Methods

The intersection of AI-powered mental health tools and the need for cultural adaptation reveals

two major gaps that this dissertation seeks to address:

1. The lack of real-time, dynamic cultural adaptation methods for LLM-driven
conversational agents. In other words, current strategies for cultural adaptation have
not caught up with the capabilities (and challenges) of generative Al systems that
produce content in real-time.

2. The lack of contextually grounded, human-centered evaluation frameworks
for cultural responsiveness in Al outputs. That is, there is a lack of evaluation to
measure whether an Al conversational agent is culturally responsive in the context of an

actual therapeutic conversation, as opposed to abstract, questionnaire style evaluations.
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2.3.1 Gap 1: Dynamic Cultural Adaptation in Real-Time LLM Systems

Incompatibility of Traditional Adaptation Methods with LLM-Generated Content.

Traditional approaches to cultural adaptation in mental health interventions assume a relatively
static content delivery. For example, a cognitive-behavioral therapy workbook might be
translated and adapted by a team of experts for use in a new cultural group, or a scripted
therapy program might be modified to include culturally relevant metaphors (Spanhel et al.,
2021). These processes involve expert review and revision of fixed materials to better align with
the target population’s beliefs, values, communication styles, and lived experiences (Barrera &
Castro, 2006; Castro et al., 2010; Spanhel et al., 2021). For instance, the team behind the Wysa
mental health app recently created a culturally adapted Spanish-language version by having
Spanish-speaking clinicians translate and tailor Wysa’s pre-written English responses and
content for the new audience (Dinesh et al., 2024). In another example, researchers adapted a
physical activity promotion chatbot for Chinese users by applying Hofstede’s cultural
dimensions theory and manually tailoring the agent’s dialogue to better match Chinese cultural
values, such as emphasizing collective family benefits of exercise rather than individual goals

(Zhou et al., 2017).

However, these conventional methods cannot be directly applied to LLM-based agents,
which generate content dynamically and non-deterministically in response to each user's unique
inputs. Unlike traditional systems, there are no static, pre-written materials or finite message
sets that can be manually adapted in advance. Instead, LLMs generate content in real-time,
guided by their training data and prompts. This dynamic, generative nature makes it technically
infeasible to rely on human experts to review and tailor materials beforehand. Cultural
adaptation workflows for LLM-based conversational agents must instead embed cultural

understanding and human experts’ input directly into the Al system itself.
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Resource and Scalability Constraints

A further complication in adapting LLM-based conversational agents culturally is the limited
availability of data and resources for many cultures, particularly for underserved populations
whose languages and cultural contexts are underrepresented in foundational model training

datasets. Approaches to cultural alignment in NLP generally fall into two broad categories:

e Weight-changing methods: e.g., fine-tuning or continued pre-training the model on
culturally relevant data (Bai et al., 2025; Huang et al., 2024; Masala et al., 2024). This
alters the model’s internal parameters to better reflect the linguistic patterns and
knowledge of the target culture.

e Non-weight-changing methods: e.g., prompt-based techniques that provide cultural
context or instructions to steer the model’s outputs without changing its weights (Cao et

al., 2023; Tao et al., 2024; Mukherjee et al., 2024).

Weight-changing methods, while potentially very effective, demand extensive resources
— not only do they require technical expertise and computational power, they also depend on
having a substantial corpus of culturally specific data to fine-tune on. For many underserved
languages or cultural groups, such large datasets simply do not exist (or are proprietary and not
freely available). Even if they did, smaller-scale organizations or research teams typically lack
the resources to train large models. Community-based organizations are not generally engaged
in developing large Al systems today, but with the growing accessibility of new Al tools in recent
years, they may begin to adopt and adapt lighter-weight approaches for their communities. In
this way, our work helps lower the barrier for these organizations to engage with Al in ways that
are aligned with their cultural and service contexts. On the other hand, prompt-based methods
are lighter weight and easier to implement, making them more accessible to community

organizations or smaller research teams. While prompt engineering alone may have limitations
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and mixed results in deeply aligning outputs with cultural nuances (Tao et al., 2024; Cao et al.,
2023), recent approaches that augment prompts with retrieval-enhanced cultural context could
offer a promising middle ground (Chang et al., 2024). Our approach builds on this latter
direction, aiming to retain the accessibility of prompt-based methods while improving cultural

responsiveness through dynamic retrieval-enhanced cultural context injection.

Compounding the issue, there is a scarcity of culturally relevant conversational datasets
to even evaluate or train LLMs for cultural responsiveness. To our knowledge, one of the few
datasets of this kind is PsyQA, which contains mental health Q&A pairs with culturally tailored
answers for Chinese users (Sun et al., 2021). But even PsyQA is limited in scope — it covers
certain topics and a general Chinese cultural context, which may not directly translate to the
caregiver context or to other groups. We have not identified comparable dataset exists for
Spanish-speaking or Latino cultural contexts in therapy. This data scarcity motivates methods
that do not require large training corpora and that can instead leverage expert knowledge in

more efficient ways.

In summary, Gap 1 is that we need methods for cultural adaptation that work with
LLM-generated contents (i.e., dynamic generation) and are practical given resource constraints.
This dissertation’s approach to closing Gap 1 is to use LLM workflows and context engineering
(i.e., “building dynamic systems to provide the right information and tools in the right format
such that the LLM can plausibly accomplish the task” (Chase, 2025)): by orchestrating multiple
LLM and retrieval steps to inject cultural context into responses as needed, rather than altering

the model or relying on static prompts alone.

2.3.2 Gap 2: Contextually Grounded Evaluation of Cultural Responsiveness

The second major gap lies in how we evaluate an Al system’s cultural responsiveness and its

impact on the user. Existing research on cultural awareness in language models has mostly
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relied on decontextualized evaluation metrics. For example, some studies pose multiple-choice
questions to an LLM about cultural facts or values and see if it chooses the correct answer that a
culturally knowledgeable person would (Arora et al., 2023; Zhao et al., 2024). Others test an
LLM’s understanding of proverbs or idioms from a certain culture (Liu et al., 2024). Some
evaluation schemes involve asking the model to generate responses and then using either
humans or another AI to judge if those responses show cultural knowledge (Shi et al., 2024;
Chiu et al., 2024; Zhou et al., 2025; Ramezani et al., 2023). While these approaches provide
useful diagnostics, they fall short of capturing the interactive nature in the therapeutic

conversation context.

In a real counseling session (or a chatbot-based session), cultural responsiveness is
evidenced in nuanced ways: the therapist or AI might pick up on a client’s indirect reference to a
family expectation and gently probe it, or they might frame advice in terms of culturally
resonant values. These subtleties are hard to measure with a multiple-choice survey or a
single-turn judgment. As Pawar et al. (2024) argue, real-world human-AlI interactions require
models to demonstrate cultural empathy and contextual appropriateness, not just regurgitate
facts about a culture. For instance, knowing the definition of “filial piety” (a cultural value) is

different from appropriately responding to a caregiver who feels guilty because of that value.

What is needed is a human-centered, contextualized evaluation framework. This means
involving target users (or culturally informed human evaluators) to assess Al responses in the
context of full dialogues or scenarios, focusing on whether the agent’s behavior feels culturally
sensitive, respectful, and helpful. It also means considering outcomes that are indicators of
therapeutic effectiveness (e.g., Does cultural adaptation improve the user’s therapeutic alliance
with the agent?). These kinds of questions connect cultural responsiveness to tangible impacts

on user experience and health outcomes.
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To the best of our knowledge, no prior study has systematically evaluated if or how
LLM-driven mental health conversational agents demonstrate cultural responsiveness in the
context of a therapeutic encounter. Our work addresses this gap by designing evaluations where
real users from the target communities interact with the AI systems and then provide feedback
about the AI agent’s cultural responsiveness through surveys such as the Cultural Relevance
Questionnaire and Cultural Competence Measure. This approach ensures that evaluation is
grounded in the lived experiences and perceptions of the very users we aim to serve, rather than
abstract metrics alone. As Blodgett et al. (2020) emphasize, Al evaluation, especially for bias or
fairness, should center on the perspectives of the affected communities. In our case, this
translates to designing studies where Chinese and Latino caregivers directly judge the cultural

responsiveness of the Al agent’s support for them.

In summary, Gap 2 is the lack of contextualized, human-centered evaluation to measure
cultural responsiveness in mental health conversational agents. This dissertation addresses this
by directly eliciting user feedback on empathy, therapeutic alliance, and cultural relevance, and
by comparing adapted vs. non-adapted systems in user studies, thereby generating evidence on

the value of cultural adaptation in LLM-based therapeutic conversation context.

2.4 Summary of Key Contributions in Addressing Gaps in

Culturally Responsive Mental Health Al

Health Informatics Contribution. This dissertation contributes a novel, generalizable
workflow for operationalizing cultural adaptation in LLM-based mental health interventions. In
contrast to traditional adaptation methods, the proposed workflow emphasizes real-time
adaptation that aligns with the interactive nature of conversational agents. I integrated
culturally grounded insights from end-users and community experts as contexts for

Al-generated responses. Concretely, I implemented and evaluated two scalable, low-resource
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techniques: (1) prompt-based cultural tailoring, and (2) dynamic context engineering. The
context engineering method enables the delivery of culturally tailored mental health support
incorporating human expertise (e.g., interview findings, culturally relevant context) and without
requiring model fine-tuning or large-scale cultural datasets, making it accessible in low-resource
settings (e.g., community clinics). We provide a framework that health informatics practitioners

can adopt for other contexts where cultural adaptation is needed.

Chapter 3
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Figure 2.1. Overview of how each chapter contributes to the development of a prompt-based

and a context engineering approach for culturally adapting mental health conversational agents.

Contextualized and human-centered evaluation contribution. This dissertation
also explores evaluating mental health conversational agents through contextual,
human-centered evaluation of cultural responsiveness. It describes work in which I designed
studies that put the conversational agents in mental health use cases with actual stakeholders,
family caregivers and community staff, and assessed outcomes such as empathy and working
alliance that serve as strong indicators for health outcomes. This evaluation procedure
represents an informatics contribution that evaluates not only whether LLMs possess cultural

knowledge, but whether they can appropriately apply this knowledge in their responses to serve
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diverse users. I adopted evaluation instruments such as Cultural Relevance Questionnaire and
Cultural Competence Measure, for use with this new context with Al conversational agents. By
linking improved cultural responsiveness to improved user-reported outcomes (e.g., higher
empathy and alliance ratings), this work provides evidence of the value of cultural adaptation in
digital health tools. Such evidence is crucial for justifying the integration of cultural
considerations into design processes and, ultimately, for persuading healthcare providers and

policymakers to support culturally adapted technologies that can help reduce health disparities.
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CHAPTER 3. Understanding the Needs and Challenges of

Chinese American Caregivers: Implications for

Culturally Tailored Digital Mental Health Tools

In the work described in this chapter, I aimed at understanding the caregiving and self-care
experiences of Chinese American family caregivers of older adults, with a focus on identifying
culturally specific challenges and opportunities for digital mental health interventions. As part
of the foundation for developing culturally adapted Al-powered mental health tools, this study
explores how cultural values, caregiving norms, and systemic barriers shape caregivers’ stress,
help-seeking behavior, and openness to Al-driven support. The study involved semi-structured
interviews with Chinese American family caregivers and focus groups with staff members from
community organizations that support these families. Through inductive thematic analysis, the
study surfaced key insights related to caregiving burden, cultural barriers to self-care, the
potential role of digital tools, and perceptions of chatbots in mental health support. These

findings provide important findings for the development work presented in Chapter 6.

In addition to the work presented below, my colleagues in the team who speak Spanish also

conducted a parallel study with Spanish-speaking Latino family caregivers.

The following manuscript is submitted to the journal The Gerontologist and is currently
under review. Identifying Opportunities for Technologies to Support the Well-being of Chinese
American Caregivers Caring for Older Adults. Serena Jinchen Xie, MS, Jingyi Li, RN, PhD,
Yanjing Liang, MS, Andrea Hartzler, PhD, Magaly Ramirez, PhD, Trevor Cohen, MBChB, PhD,

and Weichao Yuwen, RN, PhD.
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Abstract

Background and Objectives: Chinese American caregivers face unique challenges influenced by
cultural values, yet few culturally tailored digital solutions exist. This study aimed to explore the
challenges Chinese American caregivers face in caregiving, self-care, and mental health, identify
opportunities for digital solutions, and understand their perspectives on using Al-driven tools

for mental health support.

Research Design and Methods: We conducted 13 semi-structured interviews with Chinese
American family caregivers and four focus groups with a total of 21 staff members from
community organizations serving Chinese American families. Interviews were conducted in
participants' preferred languages (English, Mandarin, or Cantonese). Participants shared
caregiving challenges, self-care practices, and perspectives on digital tools. Transcripts were

analyzed using inductive content analysis.

Results: Four themes emerged: (1) Caregiving challenges, including communication difficulties
influenced by filial piety, older adult social isolation, and complex system navigation; (2)
Caregivers' self-care, highlighting practices and barriers to prioritizing self-care and seeking
mental health support; (3) Opportunities for digital solutions, including fostering connections
among caregivers, providing trustworthy information, and enabling organizations to provide
services; and (4) Perspectives on chatbots, appreciating privacy and non-judgment while

expressing concerns about human connection and cultural understanding.

Discussion and Implications: Findings highlight the need for culturally sensitive digital tools
that consider engagement strategies, incorporate practical resources, and align with cultural
values and norms. Digital solutions, including AI-driven chatbots, hold promise for supporting
Chinese American caregivers’ mental health but should be designed with cultural adaptations

that address unique barriers and incorporate cultural contexts.
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3.1 Background and Objectives

The Asian American and Pacific Islanders (AAPI) population in the United States is rapidly
growing and aging. Between 2010 and 2030, the older adult population among this group is
projected to increase by 145% (Lim et al., 2020). Among AAPI, Chinese Americans are the
largest subgroup, making up 22% of the Asian American population (USAFacts, 2023). As the
Chinese American population ages, the need for caregiving is expected to rise. Studies have
shown that about 50.4% of Chinese American older adults experience some levels of functional
decline and depressive symptoms (Dong, Chang, et al., 2014; Dong, Chen, et al., 2014). As older
adults experience declining health and independence, family caregivers play a vital role in
providing care for older adults at home, offering physical, emotional, and social support

(Schumacher et al., 2006).

Because of these barriers and gaps, culturally and linguistically appropriate interventions
for Chinese American caregivers are needed. However, there has been a lack of culturally
appropriate resources for this population (Li, 2004; Miyawaki, 2015). Linguistically appropriate,
culturally responsive, and technology-enabled interventions could be the solutions to provide
accessible and tailored support to this population. Studies have shown that technology-enabled
interventions can improve care for the older adult population and their family caregivers by
reducing caregiving stress, optimizing care time, and improving the quality of life for the care
dyads (de-Moraes-Ribeiro et al., 2024). Despite the growing variety of mobile health
applications, few are designed for Chinese American caregivers. Caregivers experience
significant emotional, physical, and mental exhaustion, often leading to burnout. Yet, only a
small number of mobile health applications include functions that address these critical needs,
particularly self-care support, which is essential for maintaining caregivers’ well-being
(Grossman et al., 2018). To the best of our knowledge, there are only a couple of mobile health

applications designed for Chinese immigrant caregivers with limited English proficiency to
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engage in self-care (Hong et al., 2022; Liu et al., 2020; Yu et al., 2024), and none of them

leverage the capability of artificial intelligence.

With the enhancement of technology, artificial intelligence (AI) has shown remarkable
potential in areas such as tailoring treatments to individual patients (Alowais et al., 2023). The
ability of Al to process vast amounts of data quickly and accurately is transforming diagnostics
and treatment, offering new possibilities for individualized care. The potential of Al extends
beyond diagnostics and treatment planning. Al-powered applications have several advantages
over traditional mobile health applications, such as personalization (Esmaeilzadeh, 2020),
including tailored language and cultural preferences (Dinesh et al., 2024). While Al-powered
tools have demonstrated success in patient care (Alowais et al., 2023), little research has focused
on how Al can be used to support caregivers in their roles and facilitate self-care, including in

Chinese American caregivers of older adults.

This project aims to explore the needs of families caring for Chinese American older
adults and identify opportunities to leverage digital health tools, including AI-driven
technologies, to address the unmet needs. The findings will provide insights into unique cultural
factors the older adults and caregivers experience that influence the successful adoption of
digital health interventions and inform the design, development, and delivery of culturally
sensitive digital health tools, such as chatbots, to support caregivers. Additionally, the
implications of this study could guide future digital health tools tailored to culturally diverse

caregiving populations. We aim to answer the following research questions:

Research question 1: What unique challenges do Chinese American caregivers of older

adults face in caregiving, self-care, and mental health?

Research question 2: What opportunities exist for digital solutions to support Chinese

American caregivers of older adults?
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Research question 3: What are Chinese American caregivers’ perspectives on using

Al-driven tools, such as chatbots, for mental health and well-being support?

3.2 Study Design and Methods

Design

We conducted semi-structured individual interviews with Chinese American family caregivers
caring for older adults and focus group interviews with staff members who have worked closely
with these families. Including both groups allowed us to capture complementary perspectives:
family caregivers first-person accounts of their lived caregiving experiences, including
encountered challenges, self-care practices, and unmet needs, while professional staff provided
observations of and insights into salient and recurrent challenges, common barriers, and current
services gap informed by their work with multiple Chinese American families. Both stakeholder
groups provided perspectives on the potential of digital health technologies, particularly chatbot
interventions, for addressing caregiver support needs. This dual perspective enabled a more
comprehensive understanding of the caregiving context and challenges, which is critical for
designing culturally responsive interventions. The study was approved by the University of

Washington’s Institutional Review Board.

Data Collection

From October 2023 to February 2024, we worked closely with four local community
organizations in the greater Seattle metropolitan area where the university resides, serving
Chinese American families to recruit study participants. To recruit family caregivers, we (1)
posted study flyers at community centers, (2) shared study information at community events,
(3) social media groups organized by our community partners, and (4) had community partners

refer potential participants to the study. Caregivers interested in participating contacted the
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study lead, who screened for eligibility and scheduled interviews. Eligible family caregiver
participants were at least 18 years of age, spoke English, Mandarin, or Cantonese, were living in
the United States, self-identified as Chinese or Chinese American, and self-reported having
current or previous experience caring for an older adult family member who had one or more
chronic conditions. We also recruited staff members working with Chinese American families
with older adults directly through the four community partners serving Chinese American

families in the Greater Seattle area.

Following each interview, the research team member conducting interviews verbally
administered a structured survey to participants to obtain sociodemographic characteristics
about both themselves and their care recipients. The survey collected information on
participants’ and their care recipients’ ages, length of time participants had lived in the United
States, their English literacy (Karliner et al., 2008), health literacy (Chew et al., 2008; Wallace et
al., 2006), and digital literacy (Roque & Boot, 2018), and self-reported frequency of depressed
mood assessed by PHQ-2 (Patient Health Questionnaire-2 (PHQ-2), n.d.). Semi-structured
interviews were conducted virtually via Zoom or phone call in participants’ preferred language.
Family caregivers were asked about their caregiving challenges, current self-care practices,
perspectives on using digital tools to address the caregiving challenges, and, more specifically,
perspectives on using chatbots to help with self-care. To develop the interview guide, we
reviewed the Cultural Treatment Adaptation Framework (Chu & Leino, 2017) and existing
literature on Chinese American caregiver experiences (Miyawaki, 2020; Han et al., 2019; Spitzer
et al., 2003; Lai, 2010; Tang, 2011; Halland et al., 2010). The research team, including an expert
in cultural adaptation of evidence-based health interventions (Ramirez et al., 2023),
collaborated with bilingual-bicultural research team members to develop the initial questions.
The interview guide is in Appendix 1. Bilingual researchers later translated the guide into
Chinese. The surveys and interviews were conducted in English or Chinese (Mandarin or

Cantonese) based on the participant’s preferred language.
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Prior to each focus group, each staff participant attending the focus group completed a
brief survey that included questions about their age, current role in the community organization,
how long they have worked in their current role, and their level of education. Surveys were
distributed and collected in person before the session began. During the in-person focus groups,
staff member participants were asked about their observations on the unique challenges faced
by Chinese American families with older adults, family caregivers’ self-care practices and
challenges, potential opportunities and barriers for mobile-based applications and specifically
conversational agents to help Chinese American families with older adults, and how the unique
challenges related to some Chinese cultural values. The focus group interview guide is in
Appendix 1. The focus groups were conducted in English and Chinese based on the staff

participants’ preferred language.

Data Analysis

The interviews and focus groups were recorded and transcribed using the Notta.ai transcription
platform for the following qualitative analysis. We conducted an inductive content analysis (Elo
& Kyngis, 2008), analyzing combined interview and focus group transcripts in their original
language (Chinese or English) to preserve cultural nuances inherent in participants’ expressions.
First, three bilingual-bicultural research team members independently analyzed a subset of data
comprising six individual interview transcripts and four focus group transcripts. Each
researcher conducted in vivo coding (Saldana, 2023), extracting participants' exact words and
phrases as preliminary codes to preserve cultural nuances. Next, two team members
collaboratively applied the initial codes to all remaining transcripts, iteratively refining codes
and definitions and developing a shared understanding of emerging themes and an initial
codebook. Then, four team members then engaged in a consensus validation process during

weekly meetings over a two-month period, focusing on coding consistency and reliability,
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thematic coherence, and the relationships among codes and themes. The consensus process
continued until consensus was reached. Finally, the first author translated all themes and codes,

which were reviewed and verified by the bilingual team members.

3.3 Results

Participant Characteristics

The study included 34 participants, including 13 family caregivers (P1-P13) and 21 staff
participants (S1-S21) recruited from four local community organizations. Among the caregiver
interviews, nine were conducted in Mandarin, three in English, and one in Cantonese. We
conducted four focus groups with the staff participants. Most staff participants were bilingual
(95.2%), and focus groups were conducted in English and Chinese, depending on the staff
participants’ preferred language, to ensure clear communication. The average age of caregiver
participants was 58.1 (std=13.9), ranging from 43 to 82 years old. The average age of the care
recipients is 80.3 (std=4.5), ranging from 74 to 85 years old. The majority of caregivers were
adult children of the care recipients and were currently homemakers. There was a high variation
in the number of years the caregivers lived in the U.S., with an average of 32.0 years (std=23.3,
4-65 yrs). Caregivers had various levels of English proficiency and health literacy, relatively high
digital literacy, and high education and socioeconomic status. On average, caregivers reported
very low levels of depressive symptoms with an average PHQ-2 of 0.58 (std=0.71, 0-2). Staff
participants held various roles in their organizations, with work experiences in their current
roles ranging from 1 to 31 years (mean=7.8, std=9.5). The majority of staff participants had a

Bachelor’s degree in social work. More details can be found in Table 1.
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Caregivers characteristics | N =13 (n, %)

Staff characteristics

IN=21 (n, %)

Relationship with care recipients

Current position in the organization

out medical forms by yourself?

Adult children 10,76.9%|  Program directors/managers 5, 23.8%
Spouse 2,15.4% Case manager/Social worker 9, 42.9%
Other (neighbor) 1,7.7%|  Home care specialists 2,9.5%
How well do you speak English? Registered nurses 4, 19.0%
Very well 4,30.8%| Advanced practice provider 1, 4.8%
Well 5, 38.5%[Education
Not well 1,7.7%| Bachelor's degree 14, 66.7%
Not at all 3, 23.1%| Master's degree 4,19.0%
Health literacy: How confident are you in filling Doctorate degree 3. 14.3%

Extremely 1,7.7%
Quit a bit 4, 30.8%
Somewhat 3, 23.1%
A little bit 1,7.7%
Not at all 4,30.8%

Digital literacy Q1: Using a mobile device, I can
use the onscreen keyboard to type

Very easily 7,53.8%
Somewhat easily 3, 23.1%
Not very easily 1,7.7%
Not at all 2,15.4%
Digital literacy Q2: Using a mobile device, I can
find information I need on the Internet
Very easily 6, 46.2%
Somewhat easily 4, 30.8%
Not very easily 1,7.7%
Not at all 2,15.4%
Education
Some high school 1,7.7%
High school or GED 1,7.7%
Bachelor's degree 9, 69.2%
Master's degree 2,15.4%
Annual household income
Less than $19,999 1,7.7%
$20,000-$39,999 2,15.4%
$60,000-$79,999 1,7.7%
Over $100,000 9, 69.2%
Employment status
Full-time 2,15.4%
Part-time 3, 23.1%
Stay-at-home 8, 61.5%
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Caregiver participants described caring for older adults with a diverse spectrum of health
conditions, including chronic pain (e.g., chronic back pain, knee pain), cardiovascular
conditions (e.g., hypertension), post-surgical recovery needs, and dementia. The majority of the
participants described caring for older adults managing multiple concurrent health conditions.
Although systematic health condition data collection was not incorporated into the survey,
participant disclosures during interviews revealed substantial heterogeneity in care complexity,
resulting in varied caregiving demands and support requirements across the participants.
Another characteristic that was not captured in the survey but came up in the interview was the
caregiver participants’ residential locations. Although recruitment was conducted through local
community organizations within the Seattle metropolitan area, three participants accessed study
information through informal social networks (family and friends) and were subsequently
identified as residing outside Washington State. The remaining participants resided within the

Seattle metropolitan area.

Themes and Subthemes Identified

We identified four themes, as shown in Table 2. Under the theme “Caregiving Challenges,” we
outlined several challenges caregivers face. The theme “Caregivers’ Self-Care” highlighted
current self-care practices among caregivers. It also detailed significant barriers to prioritizing
self-care as well as seeking mental health support. Under the theme “Opportunities for Digital
Solutions,” we explored how caregivers and staff envisioned digital tools addressing their needs.
Lastly, the theme “Perspectives on Chatbots to Support Mental Health” examined caregivers’
openness to using chatbots to support their mental health and well-being. While participants
appreciated chatbots' private and non-judgmental nature, they raised concerns about the lack of
human connection and trust and the importance of cultural understanding in fostering

meaningful support.
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Table 2. Themes and subthemes.

Themes Subthemes

Communication challenges in filial caregiving

Caregiving challenges Older adult social isolation

Navigating healthcare and social service systems

Current self-care practices

Caregivers’ self-care Barriers to prioritizing self-care

Barriers to seeking mental health support

Opportunities for digital Fostering connections with other Chinese American caregivers

solutions to support Providing trustworthy information
caregivers

Enabling organizations to provide services

Providing private and non-judgmental support

Perspectives on chatbots to

The need for human connection and trust
support mental health J

The importance of cultural understanding

Theme 1. Caregiving challenges

Communication Challenges in Filial Caregiving

A prominent theme among caregivers was the psychological burden of navigating
communication with their older adult parents. Many caregivers found it challenging to discuss
important caregiving topics such as healthy lifestyles and caregiving options due to the deeply
ingrained filial piety and family hierarchy, which shaped caregiving dynamics and placed
caregivers in a difficult position, balancing respect for their parents with the need to address
practical caregiving concerns. As one caregiver expressed, "The main thing I feel about caring
for my mom is that it's psychologically stressful... she doesn't listen to you... we have a strong

tradition of filial piety, which means it is hard to be disobedient to our parents." (P6)

Participants highlighted that cultural norms rooted in filial piety, such as the expectation
that children take care of their aging parents, also influenced older adults’ rejection of services

like professional caregiving and senior living facilities. As one caregiver shared, "The traditional
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concept of three or even four generations under one roof is something that Chinese people
aspire to... It’s hard for them [older adult parents] to accept the idea of living in a senior living."

(P10)

Older Adult Social Isolation

Social isolation among Chinese older adults emerged as a significant concern for caregivers.
Factors such as living in neighborhoods with few Chinese families, language barriers, and health
conditions limited opportunities for older adults to engage socially. This isolation not only
affected the older adults' emotional well-being but also strained caregivers. As one participant
explained, “In terms of mental and emotional aspects, they [older adult parents] have no friends
or other elderly people to talk to... In this situation, they feel bored and pessimistic, which
inevitably affects me.” (P6) Many caregivers expressed feelings of guilt, feeling responsible for
their parents' isolation since they had facilitated their relocation to the U.S. They also voiced
frustration at being unable to find meaningful ways to improve their parents' social

connectedness and well-being.

Navigating Healthcare and Social Service Systems

Caregivers and staff participants identified significant challenges in navigating the U.S.
healthcare and social service systems. Even caregivers fluent in English reported feeling
overwhelmed by the complexity of these systems and unaware of available resources. Staff
participants noted that one of the most frequent requests from family caregivers was assistance
with navigating these systems and applying for services. For Chinese caregivers, these challenges

were further compounded by cultural barriers.
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Theme 2. Caregivers’ self-care

Current Self-Care Practices

Caregivers reported engaging in various self-care activities, including physical, leisure, social,
and spiritual practices. A few participants recognized the psychological benefits of physical
activities, such as Tai Chi, golf, and hiking. Leisure activities, such as reading, shopping,
crafting, and cooking, were frequently mentioned, along with social activities, such as playing
Mahjong with friends and volunteering at community centers. As one caregiver stated, "I think...
just being able to find out where those connections are has given me a lot of pleasure in

appreciating my life.” (P4)

Spiritual practices were less commonly reported. Two caregivers mentioned participating
in a spiritual study group and attending church, highlighting the benefits of positive energy and
mindset. Professional mental health support was rarely sought. Only one caregiver participant
shared seeing a therapist and found it helpful. Another caregiver reported attending a weekly

well-being talk series tailored to the Chinese American community.

Barriers to Prioritizing Self-Care

Almost all caregivers linked their well-being to solving immediate problems, believing that
addressing immediate challenges would naturally improve their mental health. For example,
one caregiver who cared for her father with dementia noted, “Improving my mood feels useless

since the reality would still be there.” (P7)

Many caregivers found it difficult to practice self-care as the cultural value of
“self-restraint” led them to view self-care almost as indulgent, especially when caregiving
responsibilities loomed large. Staff participants noted that Chinese caregivers frequently

experience guilt, feeling it is their responsibility to take on all caregiving tasks alone.
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Additionally, staff participants noted that immigrant caregivers face unique challenges.
Navigating a new society without a support network often leaves them little capacity for
self-care. A staff participant, who was also a family caregiver, shared, “As an immigrant and a
caregiver, I don’t have any relatives in the U.S. who can assist me. I have to do everything alone

with no helping hands.” (S20)

Barriers to seeking mental health support

Awareness of mental health issues was limited among Chinese American caregivers. One staff
participant with over three decades of experience providing consultation and care planning for
Chinese American families shared an example, “Sometimes they [caregivers] are depressed, but
they don’t recognize it at all. Once, a client of mine [a caregiver] filled out a survey, which
showed that she had severe depression, but she had no idea that she was depressed and she had

no plan to seek help.” (S7) Many other staff participants echoed this observation.

From caregivers’ perspectives, several mentioned that they often questioned whether
their mental health concerns warranted action. As one caregiver stated, “I definitely realize there
are times when I feel depressed... but it doesn’t seem to reach a point where I feel strongly
enough to take action.” (P2) Caregivers and staff participants recognized that this barrier might
stem from “the culture of endurance,” a cultural narrative that valorizes resilience and
endurance through adversity and hardship, contributing to viewing seeking mental health help

as a sign of weakness.

Theme 3. Opportunities for digital solutions to support caregivers

Fostering connections with other Chinese American caregivers

Caregivers frequently discussed the opportunity for digital solutions to help them connect with
other caregivers within the Chinese American community. For those living in areas with small

Chinese-speaking communities, digital solutions were seen as promising tools to connect with
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other caregivers who share similar cultural values and challenges. One caregiver caring for her
father with dementia highlighted the importance of culturally specific networks, saying she
wished for a platform where she could learn from other dementia caregivers within the Chinese
American community and exchange advice. Such solutions could address the psychological

strain and foster emotional and practical support among caregivers.

Providing informational support

Both family caregivers and staff members identified a significant need for immediate,
trustworthy, and comprehensive information tailored to the challenges of caregiving. These
include navigating policies, insurance, social services, public assistance programs, and
caregiving knowledge. Participants expressed interest in digital solutions, such as apps or
platforms, that could offer accurate information in real time. Features like a Q&A function and
culturally tailored content were particularly appealing. These tools could help caregivers

overcome challenges by providing accessible, on-demand guidance.

Enabling organizations to provide services

From the perspective of community organizations, staff participants shared that digital solutions
could be integrated into their current workflow. Tools like apps with translation functions could
streamline their daily tasks, such as filling out forms and reducing administrative burdens for
both staff and caregivers. Moreover, staff participants noted the gap between in-person visits. A
digital platform could facilitate more frequent check-ins with the families, addressing their
concerns in real time and mitigating the gaps in service delivery. These features could also open
pathways for introducing caregivers to digital mental health interventions, such as chatbots, to

support their emotional well-being.
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Theme 4. Perspectives on chatbots to support caregivers’ mental health and

well-being
Providing private and non-judgmental support

Both caregivers and staff participants highlighted the advantage of chatbots to provide a form of
mental health support free of potential judgment from a human. Many family caregivers noted
that they would feel comfortable discussing personal challenges with a chatbot, particularly
when concerns might be judged by others as failing to meet expectations of filial piety. As one
caregiver said, “Sometimes you can’t say something to others. You don’t want others to know.
This [i.e., talking to a chatbot] will definitely help.” (P5) Several staff participants echoed this,
noting that chatbots could serve as a discreet and private option for Chinese caregivers who
might otherwise feel hesitant to discuss their struggles openly, which could potentially

encourage more caregivers to seek emotional support.

The need for human connection and trust

Despite the advantage of reducing the fear of judgment, participants voiced a few concerns
about the lack of human connection and emotional nuance. Staff participants, particularly those
with extensive experience supporting Chinese American caregivers, stressed the importance of
human connection. One participant noted, “It’s not merely having a listener. It’s about having a
facial expression reaction. They [i.e., caregivers] need some reactions beyond words, which is

difficult for a machine.”(S2)

Additionally, staff participants highlighted the need for building trust, suggesting that
caregivers might hesitate to open up emotionally without a pre-established trusting relationship,
which is typically built through multiple human interactions. Caregivers also expressed

skepticism about whether a chatbot could replicate the sense of care provided by a human. As
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one caregiver remarked, “It is just a feeling... I would not feel good if I knew it was a robot on the

other side doing the caring work.” (P10)

The importance of cultural understanding

A recurring concern among caregivers was whether chatbots could demonstrate “cultural
understanding” and provide empathetic responses grounded in shared cultural contexts.
Participants emphasized that connecting with someone who shares their cultural background,
without needing to explain cultural nuances, was essential for fostering a sense of understanding
and emotional connection. One caregiver shared her experience with her husband, who was not
a Chinese American: “For example, if I have to tell my husband, he doesn’t understand why I
can’t talk to my mom directly. I feel that it's important when we chat with someone, if we have
the same background, I don’t need to explain, and they understand. I don’t know what
background or context a chatbot will have.” (P6) Many caregivers stressed that cultural context
plays a vital role in feeling emotionally connected and supported, raising doubts about whether

chatbots could replicate the depth of understanding required for meaningful interactions.

3.4 Discussion

Our findings highlight the challenges, some unique to Chinese American caregivers, and the
potential of digital solutions to address their needs. Cultural values such as “filial piety” and
“endurance” significantly shaped caregivers’ experiences, influencing communication dynamics,
caregiving decisions, and willingness to seek support. These cultural norms often created
psychological strain, particularly when caregivers felt obligated to meet traditional expectations
while navigating the complexities of caregiving in the U.S. system. Social isolation among older

adults and lack of support networks further compounded these challenges, leaving caregivers
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with limited capacity for self-care. Regarding these difficulties, caregivers and staff identified
opportunities for digital tools to provide informational support, facilitate connections within
culturally specific communities, and assist community organizations in delivering services.
While participants appreciate the private and non-judgemental nature of using chatbots to get
support for mental health and well-being, they expressed concerns about the human connection,
trust-building, and cultural sensitivity of chatbot solutions, underscoring the need for culturally

tailored approaches to digital caregiving support.

While previous research identified the language barrier as a critical obstacle for
caregivers to access and utilize resources (Knipping et al., 2023), our findings indicate that even
caregivers proficient in English often face difficulties navigating available resources due to the
complexity of these systems. This underscores the need for information and system navigation
support to improve service utilization among Chinese American caregivers. The challenge is
further compounded by cultural expectations that influence the acceptability of certain services,
such as senior living, within Chinese American families. Prior studies consistently pointed to the
significant role of filial piety in caregiving among Chinese and other East Asian cultures (Guo et
al., 2019; Miyawaki, 2020). While this value can serve as a driving force for caregivers to deliver
exceptional care (Kim, 2022), it can also result in communication challenges for adult children

caregivers caring for their parents.

Additionally, the cultural value of filial piety results in feelings of guilt and inadequacy
when caregivers are unable to meet the emotional and social needs of their parents.
Contributing to this caregiving challenge is the prevalence of social isolation and loneliness
among Chinese older adults (Simon et al., 2014). While having certain health conditions (Mayo
et al., 2021) and limited English proficiency (Jang et al., 2022) contribute to being more prone
to social isolation, our study highlights the additional barrier for older adults living in

neighborhoods with a relatively small Chinese American population, where connecting with
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individuals with the same cultural background presents a challenge. The isolation of older adults
also takes an emotional toll on their caregivers, which is supported by previous research (Mayo
et al., 2021). Digital tools could serve as a platform to facilitate peer support and foster social
connections for caregivers and older adults with similar cultural backgrounds. Moreover, given
the interest of community partners in using digital tools to better serve their clients, future
digital tools could also consider including features that facilitate communication between

caregivers and local community organizations.

In the study, participants shared their experiences and observations with self-care and
their perspectives on using chatbots for mental health and well-being support. Although this
study is not about adapting a specific evidence-based intervention, prior cultural adaptation
frameworks (e.g., Chu & Leino, 2017) offer useful concepts for thinking about engagement,

modifications to key elements, and delivery considerations.

Engagement considerations. Our findings revealed that Chinese American caregiver
participants often struggle with limited awareness of mental health issues, influenced by cultural
narratives that emphasize resilience and endurance. This is also discussed in previous literature
as a strong sense of self-managing (Li, 2004; Napoles et al., 2010). Taken together these may
limit the likelihood of engagement with an intervention intended to support mental health.
Overcoming these barriers to mental health support may need increased effort in outreach and
psychoeducation, such as establishing referral channels through trusted local community
organizations and delivering culturally sensitive psychoeducation in Chinese to educate families
in the community about mental health and destigmatize mental health care. Additionally,
caregivers shared their view of mental health challenges as personal weaknesses rather than as
conditions requiring professional support. Addressing the tendency toward self-judgment could
be a crucial step in engaging caregivers in mental health and well-being interventions. However,

it is also true that the participants recognized reducing fear of judgment as a major advantage of
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using chatbots. This suggests that chatbots can support mental health and well-being in this
population without the fear of being judged or viewed as ‘weak’ which may manifest in an

encounter with a human clinician or peer.

Adapting core components. It became clear that the caregivers in this study viewed
accessing tangible services and resolving practical issues as closely intertwined with their mental
health, prioritizing them over their self-care and well-being. This highlights the necessity of
incorporating information about available resources as part of the digital mental health and
well-being tool for Chinese American caregivers, especially for first-generation immigrants, who

may be unaware of available resources.

Treatment delivery considerations. In our findings, Chinese American caregivers
engaged in various self-care practices, including all five structures of the self-care framework
(Lee & Miller, 2013): physical, social, leisure, psychological and emotional, and spiritual. It is
important to recognize that some activities (e.g., Tai-Chi and Mahjong) are more culturally
salient and include them in the digital mental health solution to improve the cultural relevance
of the intervention while also recognizing the diversity of self-care practices and not being
confined by a few stereotypical ones. In our study, spiritual practices were seldom mentioned,
and psychological and emotional self-care practices were only mentioned by one caregiver who
found seeing mental health therapists significantly beneficial to improving her psychological
well-being. There is a gap in this population in engaging in spiritual and psychological self-care
practices despite their being proven to be effective in promoting well-being (Manning et al.,
2019). This presents an opportunity for the incorporation of such practices within components

of digital mental health solutions.

Additionally, the study participants revealed that cultural norms and values are deeply
embedded in their caregiving challenges and self-care barriers; therefore, they were skeptical

about conversational agents’ capacity to incorporate cultural contexts to comprehend their
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struggles and offer a level of empathetic understanding comparable to humans. For example, in
our study, participants shared that Chinese American caregivers tend to view self-care activities
as an indulgence. This mindset is particularly prevalent among immigrant caregivers who often
lack a support system. It would be important for a mental health support chatbot to recognize
this lack of support and understand the feeling of indulgence. This concern of lack of cultural
sensitivity is supported by studies, which have found that Al-based conversational agents can
leave the impression of reflecting predominant Western perspectives (Havaldar et al., 2023;
Johnson et al., 2022), lacking understanding of cultural contexts (Song et al., 2024) and being
inaccurate in culture-specific values (Arora et al., 2023). Therefore, it’s crucial to develop
culturally tailored mental health chatbots that incorporate culturally relevant examples and
themes and use tailored language (e.g., using cultural sayings). This can potentially improve the
therapeutic alliance between the chatbot and users, which is crucial to a successful therapeutic

session (Stern et al., 2024).

Limitations. This study has several limitations. One limitation is that the majority of
the caregivers interviewed were Mandarin-speaking, and only one caregiver was
Cantonese-speaking. This may limit the generalizability of the findings to the
Cantonese-speaking population. Another limitation is the high heterogeneity of chronic
conditions among the care recipients that the caregivers care for, leading to high variability in
the caregiving experiences. While dementia requires intensive caregiving and high dependency
on the caregiver, some chronic conditions, such as hypertension, allow older adults to maintain
high levels of independence. Additionally, the majority of caregiver participants were recruited
through local community organizations in the Seattle metropolitan area, potentially introducing
a selection bias, as these individuals already have actively looked for and have access to
community resources. This recruitment method may have contributed to the inclusion of a

participant group with relatively high socioeconomic status and high education level, which may
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not fully represent the experiences of caregivers with lower socioeconomic status, who might

face additional caregiving challenges.

3.5 Conclusion

The study identifies both challenges faced by Chinese American caregivers regarding their
caregiving and self-care and opportunities for digital solutions, such as chatbots, to support this
population. The findings underscore the need for culturally sensitive mental health and
well-being solutions that account for necessary cultural adaptations in user engagement, the
inclusion of information on tangible resources, and the delivery of interventions that

incorporate cultural contexts.
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CHAPTER 4. Cultural Prompting Improves the Empathy
and Cultural Responsiveness of GPT-Generated Therapy

Responses

This chapter presents the first empirical evaluation of a lightweight, prompt-based cultural
adaptation technique for large language model (LLM)-driven therapeutic responses. Addressing
the need for scalable and culturally responsive Al mental health tools, this study investigates
whether cultural prompting—a method of embedding culturally relevant instructions in the
system prompt—can enhance the cultural responsiveness and perceived empathy of
Al-generated responses. The evaluation focuses on two LLMs, GPT-40 and DeepSeek-V3,
prompted in Chinese and assessed by Chinese-speaking Chinese American caregivers. The
results presented in this chapter inform both the technical feasibility and design considerations

for developing culturally adaptive AI mental health tools.

In addition, Section 4.2 presents a parallel study applying the same prompt-based
cultural adaptation approach in Spanish for Spanish-speaking Latino family caregivers in the
U.S. In this evaluation, two LLMs, GPT-40 and DeepSeek-V3, were prompted in Spanish and
assessed by Spanish-speaking Latino caregivers. As in the Chinese-language study, the analysis
examines whether embedding culturally specific cues enhances both the cultural responsiveness
of the responses and perceived empathy. The Spanish-language study is ongoing, and this
dissertation presents the data collected to date. Together, the two studies offer complementary
evidence on the effectiveness of this lightweight, prompt-based cultural adaptation approach for

Al mental health support.
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4.1 Chinese Version

A version of the following work is accepted by American Association for Medical

Informatics (AMIA) as an open-access article. © AMIA.

Xie, S. J., Zhai, S., Liang, Y., Li, J., Fan, X., Cohen, T., & Yuwen, W. (2025). Cultural
prompting improves the empathy and cultural responsiveness of GPT-generated therapy
responses. In Proceedings of the American Medical Informatics Association Annual Symposium

(AMIA 2025). (In press).

Abstract

Large Language Model (LLM)-based conversational agents offer promising solutions for
mental health support, but lack cultural responsiveness for diverse populations. This study
evaluated the effectiveness of cultural prompting in improving cultural responsiveness and
perceived empathy of LLM-generated therapeutic responses for Chinese American family
caregivers. Using a randomized controlled experiment, we compared GPT-40 and
Deepseek-V3 responses with and without cultural prompting. Thirty-six participants
evaluated input-response pairs on cultural responsiveness (competence and relevance) and
perceived empathy. Results showed that cultural prompting significantly enhanced GPT-40’s
performance across all dimensions, with GPT-40 with cultural prompting being the most
preferred, while improvements in DeepSeek-V3 responses were not significant. Mediation
analysis revealed that cultural prompting improved empathy through improving cultural
responsiveness. This study demonstrated that prompt-based techniques can effectively
enhance the cultural responsiveness of LLM-generated therapeutic responses, highlighting the
importance of cultural responsiveness in delivering empathetic Al-based therapeutic

interventions to culturally and linguistically diverse populations.
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4.1.1 Introduction

Large language model (LLM)-based conversational agents (chatbots) have emerged as
promising tools to bridge mental health service gaps by providing cost-effective and on-demand
therapeutic support (Yasukawa et al., 2024), offering immediate emotional support, stress
management strategies, and culturally relevant coping techniques (Borna et al., 2024). However,
research shows that many LLMs face critical challenges in cultural alignment, often
misinterpreting culturally specific expressions or providing advice that does not align with the
traditions, beliefs, and family dynamics of diverse communities (Dinesh et al., 2024). In
particular, studies have demonstrated that LLM-generated responses tend to align more closely
with Western cultural values than those from non-Western backgrounds, which can result in
responses that feel culturally insensitive or irrelevant to users from minority communities
(Hershcovich et al., 2022), making it difficult to be effectively used in mental health care for
diverse populations (Tao et al., 2024). There is a critical need for culturally responsive

LLM-based mental health interventions.

Culturally responsive therapy is the approach that considers the interaction between a
client’s presenting problem and their culture (Jones-Smith, 2018). Cultural responsiveness goes
beyond the cultural sensitivity of therapists. It consists of understanding and respecting cultural
differences and actively adapting and tailoring one’s approach to ensure relevancy, acceptability,
and effectiveness for the client’s cultural context (Eustis et al., 2023). The importance of cultural
responsiveness in mental health care has been emphasized for decades (Sue & Zane, 1987), with
evidence indicating that cultural insensitivity in therapy can lead to a lack of trust between
patients and providers and alliance ruptures (Tschuschke et al., 2022). Empathy, a core
mechanism of building therapeutic alliances and subsequent changes, requires cultural
contextualization to be effectively conveyed in clinical interactions. Elliott et al. (2018)

highlighted that empathy strongly predicted positive therapy outcomes. However, without
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cultural responsiveness, any therapeutic interaction may fail to recognize a client’s cultural
background, and empathy can be misunderstood or perceived as a superficial approach, leading
to reduced engagement and less effective treatment (Ullrich, 2019). We believe that cultural
responsiveness has the potential to deepen empathy by making therapeutic interactions more
contextually relevant and resonant with clients, deepening the sense that clients feel heard and

supported.

Cultural adaptation of psychosocial interventions originated with the application of the
ecological validity theory (Bernal et al., 1995) to adapt interventions to specific cultural patterns,
meanings, and values. Traditional adaptation methods involve an iterative and collaborative
process that includes input from individuals within the target populations (Dinesh et al., 2024;
Spanhel et al., 2021). However, this presents challenges for Al-driven mental health
interventions. Unlike conventional interventions with static and manually written content,
LLM-driven chatbots generate dynamic responses in real-time, rendering traditional
expert-guided cultural adaptation approaches inapplicable (Spanhel et al., 2021). To date, there
is a gap in the literature on methodologies for culturally adapting LLM-driven mental health
chatbots. Given the dynamic nature of LLM responses, new methodologies are required to

ensure that Al-generated content is culturally responsive.

Previous research has shown that merely prompting in the language of the intended
culture is not sufficient for cultural adaptation (Arora et al., 2023). Subsequent approaches have
attempted to modify model behavior using more explicit methods. There are two general
directions of model adaptation: prompt-based methods (e.g., prompt tailoring) and
weight-changing methods (e.g., fine-tuning). For example, Solaiman and Dennison fine-tuned
LLMs on a value-targeted dataset (Solaiman & Dennison, 2023), and Nguyen et al. (2024)
continued pre-trained LLMs to capture more Southeast Asia cultural norms, customs, and

stylistic preferences. Non-weight-changing methods rely on prompts to modify model behavior
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and require fewer resources compared to weight-changing approaches. One example is the
cultural prompting technique, which incorporates cultural contexts as part of prompts (e.g.,
“You are an average human being born in [country/territory] and living in [country/territory]
responding to the following survey question.”) (Tao et al., 2024). Tao et al. (2024) demonstrated
that cultural prompting can effectively reduce cultural bias in GPT. In another work that
quantified the cultural alignment of LLMs, GPT-4 showed the capability to adapt to cultural
nuances in response to an explicit cultural context prompt, particularly in Chinese settings
(Masoud et al., 2025). However, other research yielded mixed results on the effectiveness of
cultural prompting (Cao et al., 2023). Beck et al. (2024) questioned the readiness of
prompt-based methods by highlighting the lack of robustness, being highly sensitive to prompt
formulation, model choice, and specific tasks performed. Mukherjee et al. (2024) observed that
model responses varied significantly for both culturally sensitive and non-sensitive prompts,
suggesting that cultural conditioning may be a ‘placebo effect’ rather than actual cultural

adaptation.

While prior studies have investigated the cultural biases embedded within
LLMs—including their alignment with cultural values (Arora et al., 2023; Masoud et al., 2025),
interpretations of cultural proverbs (Liu et al., 2024), and knowledge of cultural norms (Shi et
al., 2024; Rao et al., 2025; Zhou et al., 2025)—these works have primarily focused on probing
model characteristics rather than evaluating their effectiveness in real-world therapeutic
interactions. The most commonly used tools for probing cultural alignment were Hofstede’s
Value Survey Model (VSM) (Hofstede et al., 2010) and World Value Survey (WVS) (Ronald et
al., 2002) for quantifiable evaluation. VSM and WVS are two influential frameworks for
cross-cultural analysis, where VSM categorizes national cultures in six dimensions and WVS is a
global research effort that maps cultural values through representative population sampling.
Studies then probed the cultural alignment of LLMs by reformulating the survey questions from

WVS and VSM into cloze-style (fill-in-the-blank) questions, analyzing the models’ predicted
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word probabilities, and comparing the predictions with established cultural value survey results
(Arora et al., 2023; Masoud et al., 2025). A recent survey provided a comprehensive overview of
cultural alignment methodologies, benchmarks, and evaluation approaches (Pawar et al., 2024).
However, for healthcare, cultural responsiveness should be situated within the context of
treatment delivery (Bernal et al., 1995). Yet, to our knowledge, no study has systematically
evaluated how an Al-driven mental health chatbot’s cultural responsiveness affects user
experiences in treatment settings or with human-centered evaluation approaches. As Blodgett et
al. (2024) highlighted, NLP models are ultimately integrated into real-world applications that
directly impact individuals’ lives. In the context of mental health care, evaluation methods
should adopt a human-centered perspective, prioritizing users’ needs, values, and interaction

behaviors to ensure Al-driven interventions have meaningful and desirable real-world effects.

The current work addresses these gaps in the literature by improving and evaluating the
cultural responsiveness of LLM-generated responses in a therapy-delivery context. To this end,
we used a prompt-based technique, cultural prompting, to adapt the responses of an Al
therapist for Chinese American family caregivers. Asian Americans are the fastest-growing racial
and ethnic minority group in the United States, with approximately 67% of Asian adults being
immigrants (Budiman et al., 2024). Among Asian American subgroups, Chinese Americans
represent the largest part, making up 24% of the Asian American population (Ruiz & NG, 2021).
Studies indicate that Chinese American caregivers experience higher levels of psychological
distress but remain underserved by mental health services due to reasons such as a lack of
linguistically appropriate services (Hong et al., 2024). Our objectives were to conduct a
comparative assessment of culturally adapted versus baseline LLM-generated interactions and
to assess (1) how effective cultural prompting is in improving the cultural responsiveness of Al
therapist responses and (2) whether improving cultural responsiveness of these responses also
improves perceived empathy. Our study aims to evaluate the hypothesis that a culturally

responsive Al therapist will also be perceived as more empathetic, which could lead to better
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clinical outcomes (Figure 1). This research addresses a critical gap by introducing and evaluating
LLM-based methodologies for real-time cultural adaptation in AI-driven mental health
applications. By promoting the cultural responsiveness of an Al therapist, we seek to make
mental health care more inclusive, engaging, and effective. Findings from this study will help
advance the development of culturally responsive Al-driven mental health interventions and

improve their accessibility and effectiveness for diverse caregiving populations.

Cultural
Responsiveness

Improve Clinical
Outcomes

Empathy

, moderately strong
1 predictor (Elliott et
------------------------------------------------------ al. 2018)

Figure 4.1. Illustration of the hypothesis tested in the current study and the relationship with
clinical outcomes.

4.1.2 Methods

We conducted a within-subject experiment in the following steps: (1) curating high-quality,
culturally relevant example user inputs, (2) generating LLM responses using two LLMs with and
without cultural prompting techniques (2x2 design), and (3) a blinded, randomized

mixed-methods assessment of input-response pairs across four model configurations.

Cultural Representative Input Development and Response Generation

We curated a set of example family caregiver inputs by working with six community partners
who have rich experience working with Chinese American family caregivers and are familiar
with the challenges caregivers face. Through weekly meetings, we developed six personas of
Chinese caregivers. Each community partner generated four example client inputs in simplified

or traditional Chinese per persona, following detailed guidelines. In total, we collected 144
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examples of caregiver inputs in Chinese. After that, the research team selected 45 inputs with
rich cultural contexts for response generation. Inputs were excluded if they were too general
(e.g., “I am too stressed”), not culturally salient (e.g., “Every time I see the hospital bills, I'm

getting a headache”), or similar to an already selected input.

We utilized GPT-40 and DeepSeek-V3 to generate responses to the selected caregiver
inputs, using system prompts tested in a previous study (Filienko et al., 2024). Our model
selection was motivated by variations in model characteristics (e.g., open-source vs.
closed-source), performance metrics, and potential cultural competencies. GPT-40, a
closed-source model developed by OpenAl, represents the current benchmark in general
language capabilities (OpenAl, 2024) and has demonstrated robust performance across
multilingual contexts (Busch et al., 2025). For comparison, we selected DeepSeek-V3 as the
open-source model. We chose DeepSeek-V3 because it is trained on a multilingual corpus,
predominantly consisting of English and Chinese text. DeepSeek-V3 outperforms other
open-source models, such as LLaMA-3, across most benchmarks while achieving comparable
performance to leading closed-source models like GPT-40 and Claude-Sonnet-3.5. Notably,
DeepSeek-V3 exceeds both GPT-40 and Claude-Sonnet-3.5 in Chinese factual knowledge
benchmarks, particularly Chinese SimpleQA (DeepSeek-Al et al., 2025). This deliberate
comparison of models enables examination of whether models with different training paradigms

yield varying degrees of cultural responsiveness with and without explicit cultural prompting.

Moreover, previous research has demonstrated that using English prompts could
homogenize cultural differences in the responses from LLMs (Cao et al., 2023), suggesting the
importance of constructing prompts directly in the target language. Therefore, all system
prompts were translated into Chinese by the authors. For each model, we used two prompt
versions: with and without cultural prompting. The prompts with cultural prompting included

the following sentence (translated into Chinese) as the first sentence in the system prompt:
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“When responding to caregivers, please fully consider their Chinese cultural background. Use
language, values, and communication styles that align with Chinese culture to ensure your
message resonates with them.” The rest of the prompt was the same for both versions. This
design yielded four distinct response versions (Table 1) for each user input, allowing for a

systematic comparison of cultural competency across prompting techniques and models.

Table 4.1. Four model configurations using two different LLMs with and without cultural
prompting.

Model With Cultural Prompting
. LLM .
id Techniques?
1 GPT-40 No
2 GPT-40 Yes
3 Deepseek-V3 No
4 Deepseek-V3 Yes

Recruitment and Data Collection

We employed a combination of snowball sampling and targeted outreach to recruit participants.
We distributed study flyers via social media platforms and recruited participants at two adult
daycare centers primarily serving Chinese Americans. All evaluations were conducted through
the Qualtrics online surveys. Each participant was instructed to assess four sets of five
input-response pairs, randomly selected and with presentation order randomized to mitigate
sequence effects. Participants evaluated each set on cultural responsiveness and perceived

empathy.

We used two complementary measures to assess cultural responsiveness:

1. The Healthcare Provider Cultural Competency Measure (CCM) is a validated
patient-reported instrument that captures patients’ perceptions of their providers’

cultural competency (Lucas et al., 2008). This 9-item evaluation assesses three critical
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domains—cultural knowledge, awareness, and skill. This scale has established reliability
(Cronbach’s alpha 0.68—0.98) in previous studies (Dawadi et al., 2022; Alizadeh &
Chavan, 2020; Néapoles et al., 2012). To minimize participant burden while maintaining
construct validity, we selected a representative item from each domain plus one overall
assessment item, preserving the theoretical structure while optimizing completion time.
The internal consistency reliability of the four CCM items was assessed using Cronbach’s
alpha (Cronbach, 1951), showing excellent internal consistency for the selected CCM

items (a = 0.96).

2. The Cultural Relevance Questionnaire (CRQ) was informed by the literature on
cultural sensitivity (Resnicow et al., 1999) and ecological validity theory (Bernal et al.,
1995). The CRQ has demonstrated utility in assessing internet-delivered therapeutic
interventions (Salamanca-Sanabria et al., 2018) and low-intensity psychological
approaches (Perera et al., 2020), making it particularly appropriate for our low-intensity
therapy intervention context. Prior studies report good internal consistency (Cronbach’s
a > 0.70) (Perera et al., 2020; Salamanca-Sanabria et al., 2019). The Cronbach’s alpha
for CRQ in our study is 0.94. By employing both CCM and CRQ, we aimed to probe

cultural responsiveness comprehensively.

Empathy was measured by a 3-item instrument specifically used to evaluate the
empathy expressed in text-based mental health support (Sharma et al., 2023). Specifically, the
instrument assesses three aspects of empathy: emotional reactions (expressing emotions such as
warmth, compassion, and concern), interpretations (communicating an understanding of
feelings and experiences inferred from the user input), and explorations (exploring the feelings

and experiences not stated in the user input).

Following quantitative ratings, participants selected their most and least preferred

response versions and provided rationales through an open-ended prompt: “Can you share why
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you like/dislike the responses?” Demographic data collected included age, gender, years living in

the U.S., education level, and self-reported English proficiency level.

Data Analysis

We conducted a comprehensive analysis combining descriptive and statistical methods. For
descriptive analysis, we computed means, standard deviations, and ranges for each evaluation
measure (cultural competence (CCM), cultural relevance (CRQ), and perceived empathy) across
four model configurations. Inter-rater reliability was assessed using intraclass correlation
coefficients. We examined preference patterns across the four configurations using Pearson’s
chi-square test against the null hypothesis of random distribution, followed by a post hoc
analysis to identify specific model configurations contributing statistically significantly to the

chi-square value.

We analyzed correlations between ratings and participant demographics using
Spearman’s Rank Correlation for numerical variables and the Mann-Whitney U test for
categorical variables. We conducted statistical comparisons using Wilcoxon signed-rank tests to
compare ratings between (1) responses generated by different LLMs and (2) responses
generated with and without cultural prompting. To investigate the relationship between cultural
responsiveness and perceived empathy, we conducted an Analysis of Covariance (ANCOVA) test
using differences in CRQ and CCM ratings as covariates. Statistical significance was considered

established at p < .05.

4.1.3 Results

In total, 36 participants participated in the study. Participants were predominantly female
(n=28, 77.8%) with a mean age of 50.8 years (SD=9.8, range=28-70). The sample represented a
well-established immigrant population with an average U.S. residency duration of 20.9 years

(SD=8.0, range=8-35). Education levels were notably high, with the majority holding graduate
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or professional degrees (n=22, 61.1%), followed by Bachelor's degrees (n=10, 27.8%), some

college education (n=3, 8.3%), and one participant declining to specify (2.8%). Regarding

English language proficiency, most participants self-reported high proficiency levels (n=19,

52.8%), with the rest indicating moderate (n=12, 33.3%) or limited proficiency (n=5, 13.8%).

Cultural responsiveness and empathy among different models

The descriptive statistics of ratings for the three evaluation measures across different

model configurations are shown in Table 2. GPT-40 with cultural prompting was consistently

rated the highest across all three assessment dimensions. The inter-rater reliability analysis

yielded an intraclass correlation coefficient of 0.86 (95% CI [0.79, 0.91]), indicating good

reliability of the ratings across the 36 evaluators.

Table 4.2. Descriptive statistics of the ratings for responses generated by each model

configuration.

Model Configuration

CCM (7-point Likert
Scale, mean (SD,
range))

CRQ (5-point Likert
Scale, mean (SD,
range))

Empathy (5-point
Likert Scale, mean
(SD, range))

prompting

GPT-40 without cultural

4.01(1.65, 1-6.75)

2.96 (1.19, 1-5)

3.52 (1.02, 1-5)

GPT-40 with cultural
prompting

5.00 (1.61, 1-7)

3.63 (1.09, 1-5)

3.94 (0.94, 1.67-5)

prompting

Deepseek without cultural

4.08 (1.72, 1-6.75)

2.98 (1.22, 1-5)

3.39 (0.98, 1-5)

Deepseek with cultural
prompting

4.26 (1.53, 1-7)

3.22 (1.00, 1-5)

3.41 (0.88, 1.67-5)

The Wilcoxon Signed-Rank test showed that cultural prompting significantly enhanced

performance across all measured dimensions for GPT-40 with relatively large effect sizes (r>0.5)

but not for Deepseek-V3. With cultural prompting, the GPT model showed statistically

significantly better performance compared to Deepseek with cultural prompting across all

measured dimensions with large effect sizes (r>0.5).
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Table 4.3. Wilcoxon Signed-Rank Test Results for Between-Condition Comparisons.

Cultural Cultural
Comparison Competency Relevance Empathy
(CCM) (CRQ)

GPT-40 _ _ _ _
with cultural prompting vs. X\_T(_)55‘2’ p<.001, :"/\—72)681;?’ p<.001, 259565*, p=.01,
without =0.74 =0.7 o
DeepSeek-V3 5 _ . _ . B
with cultural prompting vs. X\_T;204'0’ p=.11, :4/\_7;172'0’ p=.16, ?_75188'0’ p=-98,
without =0.39 =0.4 =0.43
GPT-40 vs. DeepSeek-V3 3 3 . B . B
(both without cultural X\—TS 1429.5, p=.09, X\_’:)172.5, p=.49, X\_’:)139-5, p=.36,
prompting) =0-5 =0-47 =0-54
GPT-40 vs. DeepSeek-V3

. W=117.5, p=.01, W=148.5, p=.02, W=110.5, p=.01,
(both with cultural =0 6?)*5 P =0 542*5 P =0 61*5 P
prompting) ) ) )

* indicates statistically significant differences at p<.05.

We employed Spearman's Rank Correlation and the Mann-Whitney U test to examine

associations between ratings and participant demographics (age, gender, duration of time living

in the U.S., education level, self-reported English proficiency level). Analysis revealed no

statistically significant correlations between any demographic characteristics and rating patterns

across responses generated by different model configurations.

Model preferences

The chi-square analysis on the relationship between model configuration and

participants’ preferences revealed a statistically significant association between model

configuration and participants’ preferences (x2(3) = 23.78, p < .001). Post-hoc analysis of the

residuals indicated that responses generated by GPT-40 with cultural prompting were

significantly more preferred than expected under the null hypothesis (randomly distributed

preference) with a standardized residual equal to 2.21. Qualitative feedback showed that users
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felt GPT-40 with cultural prompting provided a balanced mix of emotional resonance, practical
recommendations, and encouragement. They noted that culturally tuned responses did a better
job of "expressing care, providing concrete suggestions, and offering thoughtful reasoning." On
the other hand, responses generated by GPT-40 without cultural prompting demonstrated a
trend toward being the least preferred, though this did not reach statistical significance based on
the post-hoc analysis. Relevant qualitative feedback includes "too official" and "sounded like
ChatGPT." Others described them as "empty, repetitive, and indirect" and expressed frustration
that the chatbot "avoided giving direct responses"” or was "too many words without getting to the
point." Although quantitative ratings and the preference votes did not show Deepseek with
cultural prompting was preferred, some participants noted Deepseek with cultural prompting as
a "culturally focused and individualized conversation compared to the other groups" and had "a
strong sense of empathy and understanding of Chinese culture."” On the contrary, responses
from Deepseek without cultural prompting were described as "(the responses) not specifically
targeting the cultural background of Chinese users." These responses suggested that responses
generated by LLMs with cultural prompting enabled a deeper emotional connection and made

participants feel more understood.

Table 4.4. Counts of each model’s responses are selected as the most and least preferred

models.
Model Configuration Moségflif;rred Leas(t:(l)’lﬁflft'(;rred
GPT-40 without cultural prompting 5 15
GPT-40 with cultural prompting 19 4
Deepseek without cultural prompting 4 10
Deepseek with cultural prompting 8 7

Cultural responsiveness mediates the relationship between cultural prompting

and empathy
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To test the hypothesis that perceived empathy is primarily mediated by cultural relevance rather
than direct cultural prompting, we conducted an analysis of covariance (ANCOVA), examining
empathy rating differences between GPT-40’s responses with and without cultural prompting,
controlling for differences in cultural relevance ratings. Results demonstrated the strong
explanatory power of adjusted R* =0.41 (F(1,34) = 24.94, p<.0001). The regression coefficient
for cultural relevance difference (f = 0.54, SE = 0.108, t = 4.90, p < .0001, 95% CI [0.32, 0.76])
indicates that with a 1 point increase in cultural relevance rating difference, the empathy rating
difference increases about 0.54 point in the empathy rating scale. When controlling for cultural
relevance as a covariate, the independent effect of adding cultural prompting on empathy rating
difference became non-significant ( = 0.05, p = 0.70). This result provided evidence that
differences in perceived empathy between the configurations were predominantly mediated by

differences in cultural relevance rather than resulting directly from prompt modifications.

Similarly, we tested the hypothesis that cultural competency mediated the perceived
empathy in the GPT-40 responses. A similar mediation pattern emerged for cultural competence
as a mediator for the change in empathy. The ANCOVA model demonstrated strong statistical
power (F(1, 34) = 34.94, p < .0001, adjusted R2=0.49), with a non-significant intercept term (3
=-0.068, SE = 0.13, t = -0.510, p = .61), indicating that when controlling for cultural
competence as a covariate, the independent effect of adding cultural prompting on empathy
rating difference became non-significant. The regression coefficient of cultural competence
difference ( = 0.49, SE = 0.083,t = 5.91, p < .001, 95% CI [0.32, 0.66]) revealed a strong
positive relationship between the improvements in cultural competence and the corresponding
improvement in perceived empathy. Specifically, a 1-point increase in cultural competence

rating difference corresponds to about 0.49 points in empathy rating difference.
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4.1.4 Discussion

This study evaluated the cultural responsiveness (relevance and competence) and
empathy of Al-generated therapeutic responses for Chinese American family caregivers through
a randomized controlled comparison of two LLMs (GPT-40 and DeepSeek-V3) with and without
a cultural prompting technique. Our findings demonstrate that cultural prompting enhances
GPT-generated responses’ perceived cultural responsiveness and empathy. Although the two
LLMs showed comparable performance without cultural prompting, GPT-40 showed greater
improvement across the three evaluation dimensions when a cultural context prompt was
added. Moreover, our mediation analyses revealed that cultural prompting improved perceived
empathy in the therapeutic responses through increased cultural responsiveness. This indicates

that cultural adaptation can improve the perceived empathy of therapeutic communication.

Our findings extend previous research evaluating the efficacy of cultural prompting on
cultural alignment using cultural value survey data (Tao et al., 2024), by demonstrating its
effectiveness in improving cultural responsiveness in the context of a healthcare application. In
a previous study that used the CRQ for evaluating culturally adapted psychological
interventions, a score of 3.5 on a scale of 1—5 was considered “average to good” and adequate to
proceed with implementing the adapted intervention (Perera et al., 2020). In our findings, only
the GPT model with cultural prompting achieved an average CRQ rating of 3.6, which would be
considered an average-good cultural adaptation by the standards of this prior work. While
GPT-40 with cultural prompting emerged as the most preferred, GPT-40 without cultural
prompting was the least preferred. This highlights the importance of adopting cultural

prompting techniques when using LLMs such as GPT-4o0 for therapeutic intervention delivery.

The effectiveness of this relatively straightforward cultural prompting technique suggests

that meaningful improvements in cultural responsiveness and perceived empathy can be



69

achieved without extensive system design, additional computing, or further human resources.
Whereas traditional cultural adaptation approaches require significant pre-implementation
resources (Spanhel et al., 2021; Zhou et al., 2017), our results demonstrate that real-time

adaptation can be achieved through appropriate prompt engineering.

The observed difference in the effectiveness of cultural prompting between GPT-40 and
DeepSeek-V3 suggests that the efficacy of such techniques is model-dependent, aligning with
previous findings in cultural alignment research (Masoud et al., 2025; Beck et al., 2024). We
observed that responses generated by GPT-40 with cultural prompting contained more tokens
than those from DeepSeek-V3, indicating that GPT-40 tends to produce longer, more elaborative
responses that may incorporate more cultural nuance. This difference may stem from
architectural variation or distinct training protocols. Alternatively, it could reflect the fact that
our prompt design was optimized for GPT models (Filienko et al., 2024) and not further tailored

for DeepSeek.

The results of the mediation analysis provide compelling evidence that cultural
responsiveness served as a mediator through which cultural prompting influences perceived
empathy. This finding suggests that perceived empathy in Al-delivered therapeutic
interventions for culturally specific populations can be significantly improved by embedding
cultural context. Our analysis showed that 40—50% of the perceived empathy improvement
could be attributed to enhanced cultural responsiveness. This finding has major implications for
LLM-based therapeutic applications: including cultural context in prompt design should not be
treated as an optional enhancement, but rather as a core component for delivering empathetic
and effective interventions. Without addressing cultural context, LLM-based interventions may

fall short in serving diverse populations effectively.
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Several limitations of the current study present opportunities for future work. First,
participants were generally highly educated—predominantly holding a bachelor’s or more
advanced degree—and had immigrated to the U.S. on average two decades ago. Future research
should aim to include participants from broader educational backgrounds, immigration
experiences, and cultural-linguistic contexts to enhance generalizability. In this study, culturally
adapting LLM responses was achieved through system prompt augmentation, relying heavily on
pre-existing cultural knowledge embedded within the models. Future studies should explore
strategies that integrate external cultural knowledge, such as culturally specific sayings (Liu
et al., 2024). In addition, more sophisticated adaptation techniques should be explored,
including multi-agent workflows that account for specific cultural dimensions such as values,
burdens, and communication styles. Finally, this study evaluated responses within single-turn
conversation instances, rather than full multi-turn therapeutic sessions. Future work
should explore the effectiveness of cultural prompting in multi-turn contexts, which would allow
for evaluation of additional clinical outcomes and proxies such as emotional state and

therapeutic alliance.

4.1.5 Conclusion

Our study contributes to the literature on culturally responsive Al applications in
healthcare by presenting a human-centered evaluation of the cultural responsiveness of
LLM-generated responses in a therapeutic context. This study provides evidence that cultural
prompting techniques can significantly improve the cultural responsiveness (competence and
relevance) and perceived empathy of GPT-40-generated therapeutic responses in supporting
Chinese American family caregivers. Parallel evaluations of similar approaches on different
languages and cultures are warranted. Furthermore, our findings revealed that cultural
responsiveness mediated cultural prompting’s improvements in perceived empathy, suggesting

that cultural adaptation is not merely an additional feature but a core component for delivering



empathetic Al-based health interventions to culturally and linguistically diverse populations.
Our study also highlights that although the prompt-based technique offers a practical solution
for cultural adaptation without requiring additional resources for model modification, the
efficacy of cultural prompting is model-dependent. Future work should continue exploring
additional techniques to improve cultural responsiveness and evaluate their effects on

LLM-delivered therapy chatbots among diverse populations.

4.2 Spanish Version

This is a parallel study to the Chinese version study presented above, we conducted the

evaluation study with Spanish-speaking family caregivers.

4.2.1 Methods
Recruitment

We recruited Spanish-speaking Latino family caregivers of children with chronic health
conditions using a multi-pronged approach. Recruitment took place between June and July,
2025. Initial recruitment was through the University of Washington Autism Center and
participants from a previous study our team conducted. We then used snowball sampling,
leveraging existing participants to identify new ones. Eligible caregivers were over 18,
self-identified as Latino/Hispanic, spoke Spanish, and cared for an underage relative with a

chronic health condition such as Autism. Upon meeting eligibility, caregivers were invited to
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participate via email with an online survey link. This study was determined exempt by the

University of Washington Institutional Review Board.

Model Configuration and Responses Generation

The simulated user inputs used to generate the input—response pairs for evaluation were
extracted from a qualitative interview study with Latino caregivers by two bilingual researchers.
User inputs with rich cultural contexts were selected, and in total, 39 inputs were used for
response generation. For generating the responses, we utilized GPT-40 and Llama-3. Our model
selection was motivated by differences in model characteristics (open-source vs. closed-source).
GPT-40, a state-of-the-art closed-source model, demonstrated strong general language
capabilities and robust multilingual performance at the time of the study (Busch et al., 2025).
Llama-3, one of the best-performing open-source models at the time (Grattafiori et al., 2024),
was trained with expanded high-quality instruction-tuning data across several languages,
including Spanish, making it particularly well-suited for Spanish use cases. By including both
models, we aimed to investigate whether variations in training paradigms influence the degree

of cultural responsiveness, both with and without explicit cultural prompting.

Table 4.5. Four model configurations using two different LLMs with and without cultural

prompting.
Model With Cultural Prompting

. LLM .

id Techniques?

V1 GPT-40 No

v2 GPT-40 Yes

v3 Llama 3 No

v4 Llama 3 Yes
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Data Analysis

We followed the same data analysis procedures as described in the Chinese version of this
evaluation study. In addition, we implemented a data quality control step to ensure the validity
of responses. Specifically, we identified and removed outliers exhibiting straight-lining behavior,
defined as providing identical ratings across all items within a measure (e.g., all 55 on CRQ
items) across all model configurations. Sixteen responses were excluded based on this criterion.
Sixteen responses were excluded based on this criterion. We chose this approach over
conventional distribution-based methods such as the interquartile range (IQR) because our
concern was not extreme numerical values, since some items were expected to receive
legitimately high or low ratings, but rather response patterns indicative of low engagement or

invalid data quality, which distribution-based trimming would not reliably capture.

4.2.2 Results

In total, there were 41 responses collected through the online platform. After removing
responses with straight-lining behavior (i.e., identical ratings across all items of a measure
across all versions), data from 25 participants were retained for analysis. The participants had a
mean age of 35.5 years (SD = 10.2, range = 18—66). Most participants were female (76%) and
married or living with a partner (76%). All participants reported communicating in Spanish
daily and identified as Hispanic, Latino/a, or Spanish origin, with highly varied levels of English
proficiency. Most of the participants (84%) agreed or strongly agreed that they had a strong

sense of belonging to their cultural group.
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Age (Mean, SD, range)

35.5 (10.2, 18-66)

Marital Status (n, %)

Gender Married 15 (60%)
Female 19 (76.0%) Living with my partner 4 (16%)
Male 6 (24.0%) Separated 2 (8%)

12.7 years (10.2,

Years living in the U.S. 1-36) (5 not Single, never married 4 (16%)

reported)

Ar.e yo;1 of Hispanic, Latino, or Spanish English proficiency

origin?

Mexican, Mexican American, or o Cannot communicate or o

Chicano(a) 11 (44%) understand English 4 (16.0%)

Hispanic or Latino(a) from o . o

another place, or of Spanish origin 12 (48.0%) Beginner level 7 (28.0%)

Cuban 2 (8%) Intermediate level 3 (12.0%)

Puerto Rican 0 (0%) Advanced level 3 (12.0%)

Not of Hispanic, Latino, or o . . o

Spanish origin 0 (0%) Bilingual / Native speaker |7 (28.0%)

Communicate in Spanish on a daily basis Prefer not to answer 1(4.0%)

Yes

25 (100%)

No

0 (0%)

ethnic, racial, or cultural grouj

I have a strong sense of belonging to my

D

Strongly Agree 12 (48.0%)
Agree 9 (36%)
Neutral 4 (16%)
Disagree 0 (0%)
Strongly disagree 0 (0%)

Table 4.7 shows the mean ratings for cultural competence (CCM), cultural relevance

(CRQ), and empathy across the four model configurations. Across all three evaluation domains,

models with cultural prompting (GPT-40+cultural prompting; Llama 3+cultural prompting)

achieved slightly higher mean scores than their respective non-prompted counterparts (GPT-40;

Llama 3). Among all configurations, the highest mean scores were observed for Llama 3 with

cultural prompting on CCM (Mean = 5.76, SD = 1.24), CRQ (Mean = 4.39, SD = 0.82), and
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Empathy (Mean = 4.47, SD = 0.66), suggesting a potential benefit of cultural prompting,

particularly with the Llama 3 model.

Table 4.7. Descriptive statistics of the ratings for responses generated by each model

configuration.

Model Configuration

CCM
(7-point Likert),
M (SD, range)

CRQ
(5-point Likert),
M (SD, range)

Empathy
(5-point Likert),
M (SD, range)

GPT-40 without cultural
prompting

5.52 (1.44, 2-7)

4.19 (0.92, 1-5)

4.43 (0.77, 2-5)

GPT-40 with cultural
prompting

5.69 (1.32, 2-7)

4.33 (0.83, 2-5)

4.47 (0.68, 2-5)

Llama 3 without cultural
prompting

5.36 (1.40, 2-7)

4.13 (1.08, 1-5)

4.45 (0.77, 2-5)

Llama 3 with cultural
prompting

5.76 (1.24, 3-7)

4.39 (0.82, 2-5)

4.47 (0.66, 3-5)

For GPT-40, no statistically significant differences were found between versions with and

without cultural prompting for any of the three domains. For Llama 3, cultural prompting

significantly improved CCM ratings (W = 30.5, p = .02, r = 0.71), and marginally improved CRQ

ratings (W = 71.0, p = .07, r = 0.49). No significant difference was observed in Empathy ratings.

Comparing the two LLMs (GPT-40 vs Llama 3), without prompting, GPT-40 outperformed

Llama 3 on CCM with approaching statistical significance (W = 56.0, p = .06, r = 0.57), but no

significant differences were observed on CRQ or Empathy. With prompting, GPT-40 and Llama

3 did not differ significantly in any evaluation domain.




Table 4.8. Wilcoxon Signed-Rank Test Results for Between-Condition Comparisons.

Cultural Cultural
Comparison Competency Relevance Empathy
(CCM) (CRQ)
GPT-40 _ _ _ _ _ _
with cultural prompting vs. X\_T(_)74°5’ p=.25, 2562'5’ p=18, :17561'0’ p=.71,
without =0.47 =0.54 =0.55
Llama 3 W=30.5, p=.02 W=71.0, p=.07 W=48.0, p=.78
with cultural prompting vs. =0 1'**’ e =0 A r=0.6 2 TR
without =0.7 =0-49 o
GPT-40 vs. Llama 3 3 B . B . B
(both without cultural V‘_’—56-§3’ p=.06, V\_’—80-5, p=.55, V\_’—38.o, p=.78,
. r=0.57 r=0.44 r=0.62
prompting)
GPT-40 vs. Llama 3 3 B _ 3 _ _
(both with cultural "\_7—67-5, p=.67, V\_7—72-5, p=.57, V\_7—52~0, p=.97,
. r=0.51 r=0.48 r=0.59
prompting)

*indicating statistical significance at the p<.10 level, and **indicating significance at the p<.05
level.

We further examined the impact of cultural prompting at the item level. As shown in
Table 4.9, GPT-40 with cultural prompting received significantly higher ratings than without
prompting on a CRQ item assessing goal alignment (“The goals suggested in the response are
tailored to work with Latino caregivers”). Additionally, both GPT-40 and Llama 3 with cultural
prompting were rated significantly higher on a CCM item evaluating recommendation likelihood
(“Would you recommend the Al therapist to someone with Latino cultural background?”). These
findings indicate that cultural prompting could have enhanced users’ perceptions of the agent’s

relevance and appropriateness for Latino caregivers.
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Table 4.9. Evaluation items that reached statistical significance across the pair-wise
comparisons.

without cultural| with cultural
prompting prompting W, p-value, r
M (SD) M (SD)

GPT-g0

CRQ - “The goals suggested in
the response are tailored to 4.24 (0.88) 4.60 (0.50)
work with Latino caregivers.”

W =18.0,p = .04,
r=0.78

CCM - “Would you recommend

the Al therapist to someone W =09.0p =.047,

5.60 (1.41) 5.96 (1.24)

with Latino cultural r=0.83
background?”
without cultural| with cultural
Llama 3 prompting prompting W, p-value, r
M (SD) M (SD)
CCM - “Would you recommend
the AI therapist to someone 5.64 (1.20) 6.16 (1.14) W =6.5,p =.002,

with Latino cultural
background?”

r=0.84

Ongoing Data Collection

The current sample size limits statistical power, and many comparisons did not reach
significance despite medium-to-large effect sizes. Data collection is ongoing, and we anticipate
that with additional participants, we may achieve sufficient power to detect statistically

significant differences in empathy and cultural relevance across more conditions.

4.2.3 Discussion

These findings suggest that cultural prompting improved users’ perceptions of cultural
competence and relevance more effectively for the open-source LLM Llama 3 than for the
proprietary LLM GPT-40. In particular, Llama 3 with prompting showed statistically significant
improvement in perceived cultural competence and marginal improvements in cultural

relevance compared to its non-prompted version. The lack of consistent significant differences
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across empathy ratings suggests that cultural prompting may more directly impact perceived

cultural alignment than general emotional understanding.

One limitation that may help explain discrepancies in results between Chinese and
Latino family caregivers is the length of responses generated by the LLMs (GPT-4o,
DeepSeek-V3, and Llama-3), which may align differently with the preferred communication
styles of the two cultural groups. We observed that Llama-3 generally produces more verbose
responses than GPT-40. Future work should examine how variations in response length across
different model configurations influence user perceptions, and how these differences may

contribute to cross-cultural variation in caregiver ratings.
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CHAPTER 5. Design and Implementation of a
Retrieval-Augmented LLM Workflow for Culturally
Responsive Mental Health Chatbots: A Context
Engineering Approach

In this chapter, I describe the development of an LLM-facilitated approach for dynamically
culturally adapting a mental health conversational agent. The goal in pursuing this work of
cultural adaptation was to devise a method that is compatible with the dynamic, real-time
content generation of an LLM, while incorporating human expert insights and minimizing the
need for extensive manual data curation. We build upon the findings of Chapter 3, which
identified culturally salient user needs, and the prompt-based techniques from Chapter 4,

moving toward a more automated, scalable adaptation system.

To develop the cultural context database and the conversational agent, six
bilingual-bicultural researchers engaged in an iterative assessment and refinement process
through weekly meetings over two months, continuing until consensus was reached that the
adapted responses were determined as more culturally responsive than the non-adapted GPT-40
responses through manual review. Prior to each meeting, I generated input-response pairs using
the culturally relevant inputs described in Chapter 4, producing responses using both the
non-adapted GPT-40 and the context-engineered agent at that stage. Each researcher
independently reviewed these two sets of input-response pairs, after which the team convened to
provide feedback and discuss strategies for improvement. Based on these discussions, I
implemented modifications and conducted further experimentations. This iterative process
resulted in several major refinements to both the database and the LLM workflow, including (1)
the addition of culturally responsive response examples to the database, (2) modifications to the

prompt for incorporating extracted data as context to avoid “context confusion”, (3) empirical
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selection of a similarity threshold, and (4) introduction of two auxiliary modules—a gatekeeper

cultural relevance detection LLM agent and a validation LLM agent.

5.1 Development of cultural context database

As a first step, I created a structured cultural context database to serve as a knowledge
repository of culturally tailored content. As described in Chapter 3, I learned from interviews
and focus groups about numerous culturally salient caregiving and self-care challenges faced by
Chinese American family caregivers of older adults. These insights provided the themes around
which cultural adaptation was focused. I structured the context database using these challenge
themes including, communication barriers due to culturally rooted family dynamics, feelings of
inadequacy in meeting traditional caregiving expectations, guilt related to older adult parents’
social isolation, difficulties navigating healthcare systems, a sense that improving one’s own
well-being is futile, and the perception of self-care as an “indulgence” in conflict with duty

(Table 5.1).

To enrich the database with culturally relevant examples, six bilingual Chinese American
researchers on our team (including myself)—all native Chinese speakers with expertise in health
and caregiving research—collaborated in this curation process. Each researcher selected two of
the identified challenge themes to focus on. Drawing on the interview transcripts from Aim 1
and relevant cultural literature, team members independently generated underlying reasons or
contextual factors that may contribute to each challenge. The team then convened to review and
discuss these factors collaboratively until consensus was reached. This interpretive process
aimed to unpack the implicit cultural norms, values, and common situations underlying a
caregiver’s experiences. For example, for the challenge “Communication Barriers in Filial
Caregiving,” an underlying reason might be “emotional restraint in the family due to cultural

emphasis on respecting elders, leading adult children to hide stress.” Through this process, we
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uncovered a total of 44 unique underlying reasons across all challenges, ensuring a rich coverage

of cultural context relevant to this use case.

We initially included only “challenges” and “underlying reasons” in the database.
However, we observed that the model frequently integrated these reasons into responses in an
overly literal and awkward manner (e.g., “Chinese culture emphasizes filial piety, and therefore
you might feel...”). While technically accurate, these insertions reduced the authenticity and
empathy of the responses. To address this, we expanded the database to also include culturally
responsive responses, which served as examples for the LLM to emulate more nuanced and
implicit ways of incorporating underlying reasons into its outputs. Based on each underlying
reason, the researchers crafted one or more culturally responsive response snippets that were
intended to address the caregiver’s challenge in a way that reflects cultural understanding and
emotional support. These were written in Chinese and designed as empathetic, supportive
messages that show a deep understanding of the cultural context and that would feel familiar to

Chinese American family caregivers.

Each entry in the database thus consists of a triad: a challenge, an underlying reason,
and an example culturally responsive message. Table 5.1 presents the set of identified challenge
themes along with brief descriptions, as derived from the Aim 1 study. The examples below
(translated into English) show how the underlying reasons and responses capture culturally
specific context that a generic system would likely miss. This database effectively encodes
community-informed cultural knowledge in a form that can be later retrieved to augment the AI

agent’s replies.
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Table 5.1. The cultural salient challenges identified in Aim 1.

Culturally Salient Challenges
Identified in Aim 1

Description

Communication Barriers in Filial
Caregiving

Difficulty expressing needs and emotions within
culturally rooted family dynamics.

Stress Over Unmet Caregiving
Expectations

Persistent feelings of inadequacy in fulfilling traditional
caregiving roles.

Burden of Older Adult Social Isolation

Caregivers feel guilt and pressure to compensate for
their older adult parents’ loneliness.

Healthcare and Social Service System
Navigation

Overwhelmed by the complexity of healthcare and
social service systems.

Improving Emotional Well-being Feels
Useless

Efforts to improve emotional well-being feel futile.

Self-care as Indulgence

Caring for oneself is viewed as indulgent or selfish.

Example 1:

e Challenge: Stress Over Unmet Caregiving Expectations

e Underlying reason: Fast-paced life limits caregiving capacity

e Culturally responsive response: Even if you want to do more, you are often stretched

thin. You are afraid your parents may feel, “My children are too busy for me." You may

feel “I really want to spend more time with them, but I'm just so exhausted.” You're not

a superhero. You're already holding up your family, your career, and your parents—all at

once. You have the right to feel tired. You have the right to pause. Taking care of yourself

isn’t selfish—it’s the most reliable protection you can offer your loved ones.”
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Example 2:

e Challenge: Healthcare and Social Service System Navigation

e Underlying reason: Language and medical jargon barriers

e Culturally responsive response: You've acted as a “bridge” between two languages
countless times—listening to technical terms and translating them into something your
parents can understand. Often, you're learning and explaining at the same time, under
immense pressure. Please don’t doubt yourself. You're not a professional interpreter or a
doctor—you're a devoted child trying to find a way forward for your parents. Every
translation, every explanation, every doctor’s visit you accompany them to—that’s an act
of love. They may say, “I didn’t understand,” but they can feel that you're doing

everything in your power to guide them through a foreign world.

5.2 Design and Experiment with LLMs workflows and

prompts - Context Engineering

Having built the cultural context database, I next developed an LLM workflow that enables the
conversational agent to utilize this database during live interactions. To do so, I employed an
approach known as context engineering (Chase, 2025), which is broadly defined as “building
dynamic systems to provide the right information and tools in the right format such that the
LLM can plausibly accomplish the task.” In our case, context engineering involved designing
when and how the conversational agent retrieves and incorporates culturally relevant content
from the cultural context database into its responses in real-time to enhance cultural
responsiveness. This process relies on thoughtful LLM workflow design and the use of retrieval
augmented generation (RAG), an approach that combines the model’s pre-trained parametric

memory with non-parametric memory sources such as external databases (Lewis et al., 2020).
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Context engineering is an approach that has recently emerged in AI system design,
defined as the process of building dynamic systems that provide an LLM with the right
information and tools, in the right format, so that it can accomplish a task effectively (Chase,
2025; Mei et al., 2025). Unlike basic prompt engineering, which focuses on phrasing a single
prompt, context engineering is about constructing an entire workflow that can bring in relevant
data as context in response to the situation. In our case, the “task” is to conduct an empathetic
therapeutic dialogue that is culturally responsive. The external data or tool is a vector database
of snippets describing cultural context, and the dynamic information from relevant cultural
snippets might help an LLM to generate more culturally responsive responses. Integrating
external knowledge via retrieval has been identified as a key technique in context engineering
frameworks, and the quality of context is crucial to shape the quality of the conversational agent
response (Chase, 2025). By applying RAG and context engineering to our problem, we aim to
bridge the gap between the LLMs’ limitations due to their Western-oriented training data and
the need for culturally rich responses informed by stakeholder interviews and expert-crafted

responses.

5.2.1 Overview of the Dynamic Cultural Adaptation System

Our system augments a base therapist LLM (Filienko et al., 2024; Wang et al., 2025) with a
workflow of auxiliary LLM modules and a retrieval mechanism tapping into a developed cultural
context database described in section 5.1. Figure 5.1 illustrates the architecture, and full prompts

can be found in Appendix 2.



85

Input: The most recent 3 turns of user inputs
Qutput: "relevant" or "irrelevant”
 / Decide if cultural context retrieval is needed

Cultural Relevance Cultural Context Retrieval
Detection LLM Query: The most recent 3 turns of user inputs

Similarity comparison: "challenge + reason”

Cultural Relevance Detection LLM
User Input

Retrieved data:
top 3 "challenge + reason + example response"
if "irrelevant” J Uf"relevant” | - 1+ iral Context Retrieval | <€—— Retrieve the most relevant cultural data
* cultural context Context Relevance Validation LLM
database Input: Retrieved data & The most recent 3 turns of
Context Relevance user inputs
if "irrelevant" Validation LLM Output: "relevant” or "irrelevant”
Decide if retrieved data is relevant to the
l if "relevant” conversation and should be used as context
Y
Therapist LLM with cultural prompting
Therapist LLM with Therapist LLM with Input: User Input & Conversation history

Cultural Prompting AND Output: Therapeutic response

Cultural Prompting e —

Therapist LLM with cultural prompting AND
cultural context
Input: User Input & Conversation history &

Retrieved data as cultural context
Output: Therapeutic response
Figure 5.1. Components in the context-engineering-based cultural adaptation LLM workflow.

5.2.2 Retrieval Component Design and Implementation

To implement the retrieval component, I utilized Chroma (chroma, n.d.), an open-source
embedding database, to store vector representations of structured data. I used Chroma as the
vector store for its good integration with LangChain, which enabled efficient experimentation
and deployment (i.e., via langchain_community.vectorstores import Chroma). Embeddings
were generated using OpenAT’s text-embedding-3-large model. The retrieval database consisted
of a structured index with three fields per entry: (1) challenge, (2) underlying reason, and (3)
culturally responsive response examples. Although users may not explicitly articulate the
underlying reasons, we included them because the “challenge” labels alone were often too
high-level or abstract to meaningfully match the nuanced ways users described their
experiences. In contrast, the underlying reasons—derived from qualitative analysis—tended to
capture semantically richer and more specific contextual cues that more closely aligned with

users’ real-time input. During setup, each challenge+reason pair texts was concatenated,
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embedded, and indexed. This approach enabled the retrieval system to leverage both the general
topic (challenge) and its specific context (reason), improving semantic similarity with user
inputs. At runtime, the user’s recent messages are concatenated (the most recent three turns,
with a delimiter indicating separate turns) and embedded in real-time. This design decision was
empirically supported during iterative experimentations, where retrieval relevance was
informally evaluated by examining retrieved ranked results and determining whether top
matches accurately aligned with the user’s intent using simulated user inputs. We observed
qualitatively improved alignment between retrieved content and user-described scenarios when

“reason” was included, compared to using “challenge” alone.

We retrieved the top three matches to allow some breadth — often multiple entries might
be relevant to one user statement. For example, if a user says, “I feel so guilty taking a break; my
father raised me to always put family first,” the system might retrieve an entry about self-care as
indulgence and another about filial obligation causing guilt. To filter out irrelevant results, we
applied a cosine similarity threshold of 0.6. This threshold was chosen through iterative
prototyping and testing during development and experimentation phases, where I qualitatively
observed that lower thresholds often retrieve content that was irrelevant to the simulated user’s
input and therefore reduced response quality. If nothing cleared the threshold, the system would
end up with an empty retrieval result, and thus it would just proceed without context injection.
Once the top entries were identified, all three fields—including challenge, underlying reason,
and the culturally responsive response examples—were retrieved and concatenated to form the

contextual input for the language model.

5.2.3 Integrating Retrieved Context into LLM Responses

Integrating the retrieved information into the LLM’s response was one of the most critical
design aspects. Our initial intuitive approach was to insert the retrieved data as examples for the

therapist LLM to learn from. However, during our iterative assessment process, we observed



87

that this design caused a context confusion issue as the model mixed context with user input.
The concept of context confusion is noted in LangChain’s documentation and by other
practitioners as a common pitfall “when superfluous content in the context is used by the model
to generate a low-quality response” (Breunig, 2025). Upon analysis, we realized the model
treated the retrieved information as additional messages or facts that the user provided, which

was not our intention.

To improve this, we refined the system prompt given to the therapist LLM. We clarified
the role of the provided context as: “Leverage the provided cultural context information to
develop a deeper understanding of the client’s cultural background and circumstances.” This
practice is akin to how a human therapist might recall something they learned about the client’s
culture and use it to inform their next response, rather than abruptly blurting, for example, “As

you said, taking a break is selfish,” when the client never said that.

At this stage, the therapist LLM produces a final response that ideally blends therapeutic
empathy with culturally specific context and culturally responsive response examples from the
retrieved data. The following is an example of how the system behaved in practice based on a
user input. When a user said, “I'm so tired but I feel like taking time for myself is selfish,” the
system retrieved a relevant entry (translated into English) to use as context with the following
content: “Challenge: Self-care feels like indulgence; Underlying reason: Influenced by the
cultural value of filial piety, there’s a belief that sacrificing one’s own life is simply what one is
expected to do; Culturally responsive response: You might feel that caring for your parents is
something you're ‘supposed to do,” but the dedication and commitment you’ve shown go far
beyond obligation, and that deserves to be seen and recognized.” Given this retrieved context
and the user’s input, the therapist LLM generated the following response: “Youve been carrying
so much for so long. It's completely understandable to feel that taking a break might seem

selfish—especially when you might deeply value self-sacrifice for the family. But you have the
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right to pause. Caring for yourselfisn't selfish—it’s one of the most important ways you can
continue caring for the people you love.” This illustrates how dynamic cultural context injection

shaped the Al agent’s output in practice.

Despite these improvements, we identified additional needs. Not every user message
about family or stress necessarily warrants a cultural context insertion each time. We wanted the
system to be selective in retrieval usage, which is why we added the “Cultural Relevance
Detection” module (described next). Moreover, we noticed that sometimes the retrieved snippet,
though thematically related, wasn’t a good fit for the specific conversation moment — hence we

added a validation step as well (described next).

5.2.4 Cultural Relevance Detection Module

The Cultural Relevance Detection LLM is a classifier module that acts as a gatekeeper for the
retrieval process. Its purpose is to prevent the system from performing needless retrieval when
the conversation topic doesn’t pertain to our cultural database. This is important for efficiency
and cost-effectiveness (each retrieval has a cost and latency) and for avoiding injecting off-base

content that could confuse the dialogue.

We implemented this detector using a prompt-based approach with an LLM (GPT-40).
The prompt for this module is “Based on the user input below, determine whether it involves
topics related to Chinese culture (such as communication with family members, language,
family expectations, parents’ feelings of loneliness, lack of understanding about health and
social services, viewing self-care and relaxation as indulgent, lack of support from relatives or
friends, values, family, immigration, etc.). Respond with only one word: ‘Relevant’ or ‘Not

 »

Relevant.”” During the conversation, if the user’s recent messages (i.e., user inputs from the
most recent three turns) are classified as “Not Relevant” by this module, the system will skip the

retrieval step and default to using the prompt-based only cultural prompting approach from
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Chapter 4. If classified as “Relevant,” the retrieval workflow proceeds. This mechanism ensures
that we leverage the cultural database only when likely to be helpful. For example, if a user’s
problem is about family expectations or immigration stress, it will trigger retrieval of “filial
piety” and “immigration” related data. But if the user is talking about a very general issue (e.g.,

trouble sleeping), the system doesn’t try to force a cultural angle.

5.2.5 Context Relevance Validation Module

Even after retrieving context, we found a need for a second filter: sometimes the retrieved data,
though related to the general theme, did not actually apply well to the specific user situation at
that moment. Including them could clutter the prompt or lead the therapist LLM to address an
aspect that the user isn’t concerned with. To handle this, we introduced a Context Relevance
Validation LLM, which assesses whether the retrieved cultural context is truly relevant to the

user’s last few turns. This component essentially provides a quality control on the retrieval.

The prompt for this validator is “Please determine whether the following cultural
context information is highly relevant to the user’s three most recent inputs. Respond
‘Relevant’ or ‘Not Relevant’.” Recent user inputs (i.e., user inputs from the most recent three
turns) and retrieved data are provided and the LLM must judge if they match well. If the output
is “Not Relevant,” the system will discard the retrieved context and not feed it into the therapist

LLM, to avoid context confusion.

5.2.6 Summary of the Context Engineering Workflow and Link to Overall Goals

In summary, the dynamic cultural adaptation system we developed consists of multiple
coordinated components: a therapist LLM, a cultural context knowledge base, and two LLM

modules for decision-making (when to retrieve, whether to use retrieved info). Through context
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engineering, we created a workflow where the LLM workflow can inject culturally relevant
knowledge into the conversation in a controlled, contextually appropriate manner.

This design addresses Gap 1 identified in Chapter 2 by providing a method for real-time
cultural adaptation that does not rely on pre-written scripts or data-intensive fine-tuning. It
leverages expert knowledge (from the database) in a scalable way. Once this LLM workflow is set
up, adding a new cultural scenario (i.e., with its own context database) or updating information
is straightforward, and the conversational agent can switch contexts dynamically. If a developer
wants to adapt this system to another culture or language, they can follow a similar procedure—
gather cultural challenges, create a context database, and plug it into the workflow—without
needing to collect hundreds of training examples. This offers a practical path for community
organizations or clinics or other low-resource settings to adapt a generic chatbot by leveraging
human experts’ insights with the cultural group/community and the use case.

In the following chapter (Chapter 6), I describe the evaluation on the effectiveness of this
LLM workflow in comparison to other versions, examining whether this context engineered
system indeed translates to measurable improvements in cultural responsiveness, empathy, and

working alliance in practice.
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CHAPTER 6. Evaluation of Prompt-Based vs
Context-Engineering-Based Cultural Adaptation

Approaches

This chapter presents the study where I directly compared three prototypes of a mental health
conversational agent: a baseline agent without cultural adaptation (V1), culturally adapted agent
using a prompt-based method (V2, as described in Chapter 4), and a dynamically adapted agent
using a context-engineered retrieval-augmented in the previous study (Chapter 4) in Chinese.
The goal of this study was to determine whether embedding culturally relevant information via
dynamic retrieval in context would enhance the agent’s cultural responsiveness, empathy, and
therapeutic alliance as perceived by users. In addition to the outcomes examined in the prior
prompt-based culturally adapted agent study, this evaluation also measured therapeutic alliance
(i.e., working alliance), which was enabled by the interactive evaluation design. Therapeutic
alliance is a well-established predictor of clinical outcomes and has shown strong association
with treatment success (Bordin, 1994; Wampold, 2015; Anderson et al., 2012; Orlinsky et al.,
2004). This relationship is particularly critical for clients from diverse cultural backgrounds, as
research shows that racial and ethnic minority clients often experience weaker alliances in
therapy, which can contribute to higher dropout rates (Thomas, 2016; Owen et al., 2011). I also
chose this outcome as it is also highly related to the cultural backgrounds of the client and
therapist (Ullrich, 2019; Okazaki & Tanaka-Matsumi, 2006; Shonfeld-Ringel, 2001). Moreover,
previous research has found that digital text-based interventions were able to establish a
comparable alliance to face-to-face therapy (Darcy et al., 2021; Prochaska et al., 2021), and
appear to be related to user engagement (Hillier, 2018). We hypothesized that culturally

adapting the AI agent (through either prompts or RAG-based context injection) would
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strengthen users’ sense of alliance with the agent, in addition to improving perceived empathy

and cultural relevance of the agent’s responses.

We conducted a within-subjects experiment in which each participant interacted with all
three agent versions (V1, V2, V3) in a randomized order. This design allowed each participant to
serve as their own control, enabling sensitive detection of differences across the adaptation
conditions. After each interaction, participants provided evaluations of the agent’s therapeutic
alliance (using the Session Rating Scale), empathy, cultural competence, cultural relevance, and
overall satisfaction. By comparing these metrics across V1, V2, and V3, we aimed to isolate the
effects of the two cultural adaptation strategies and identify whether the more complex context

engineering method yields measurable improvements over the simpler prompt-based technique.

6.1 Methods

The three agent versions were developed to deliver supportive responses to users discussing
caregiving challenges. Agent V1 was an unaltered baseline agent with no specific cultural
adaptation. Agent V2 was adapted using the cultural prompting method described in Chapter 4
—i.e., the system prompt included culturally relevant instructions and context (in this case,
Chinese-American cultural cues) to guide the LLM’s responses. Agent V3 was powered by a

dynamic context-engineering workflow (Chapter 5).
Three Versions of the Mental Health Conversational Agents

All three versions of the agents were powered by GPT-40, based on findings from Chapter 4,
where GPT-40 was rated higher than DeepSeek-V3. The system prompts were written in Chinese
and reviewed by a bilingual clinical psychologist to ensure clinical appropriateness. The V1 agent
was configured to deliver a standard problem-solving therapy session without any cultural
adaptation. The V1 agent was only instructed to conduct a problem-solving therapy. The V2

agent used the same base prompt as V1 but added an explicit cultural cue in its system prompt:
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“When responding to caregivers, please fully consider their Chinese cultural background. Use
language, values, and communication styles that align with Chinese culture to ensure your
message resonates with them.” This instruction directed the agent to take the user’s cultural
background into account when generating responses, representing a prompt-based cultural

adaptation approach.

The V3 agent incorporated a dynamic cultural adaptation system built on a
context-engineering framework. This system integrates a retrieval-augmented generation (RAG)
workflow that enables the therapeutic LLM to incorporate culturally specific context in real
time. The approach draws on prior qualitative research (Chapter 3) identifying culturally salient
challenges faced by Chinese American family caregivers. These insights informed the creation of
a structured cultural context database containing expert-derived underlying reasons for
caregiving challenges and culturally responsive response examples. Six bilingual Chinese
American researchers with expertise in caregiving and health collaboratively curated content
across six thematic challenge areas. Each entry included: (1) a caregiving challenge, (2) an
underlying cultural reason, and (3) a Chinese-language example message designed to convey
empathy and understanding while reflecting cultural values such as filial piety and emotional
restraint. The final database comprised 44 unique underlying reasons and over 100 tailored
messages. All entries were stored in a searchable vector database using OpenAI’s
text-embedding-3-large model and Chroma for retrieval. The cultural adaptation workflow
begins with a cultural relevance detection module, implemented as a GPT-4o0 classifier, which
determines whether the user’s recent input (last three turns) is culturally pertinent. If relevant,
the system embeds the input, performs a similarity search against the vector database, and
retrieves the top three matching entries. These are then screened by a context validation
module—another LLM classifier—to confirm alignment with the user’s current concerns.
Validated entries are appended to the system prompt for the therapeutic LLM, which then

generates culturally responsive responses. To address context confusion—a known issue where
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LLMs misinterpret retrieved snippets as user input—the system prompt explicitly instructs the
agent to “leverage the provided cultural context information to develop a deeper understanding
of the client’s background and circumstances,” ensuring that the LLM behaves like a culturally
informed therapist rather than simply repeating retrieved text. This modular, scalable
architecture enables real-time personalization without fine-tuning, offering a practical,
low-resource pathway to delivering culturally responsive Al-based mental health support. A

detailed description of this development process is provided in Chapter 5.
Recruitment and Data Collection

We recruited participants through two local community organizations. We distributed study
flyers to recruit professional staff members who had experiences working with Chinese family
caregivers for older adults. The sample size was determined based on recruitment feasibility,
consistent with our previous study using a similar evaluation framework. In the previous study
(Chapter 4), a sample of 36 participants was sufficient to detect statistically significant
differences across conditions (with and without prompt-based cultural adaptation) with good
effect sizes (e.g., r = .76 for cultural relevance, r=.57 for cultural competency, r = .85 for
empathy). Given the comparable design and analytic strategy in the present study, we
anticipated that a similar sample size would be adequate to detect meaningful within-subject

differences across prototypes.

Each participant was given a link to Qualtrics online survey and instructed to interact
with all three mental health conversational agent prototypes. To control for order effects, we
randomized the sequence in which participants interacted with the three agents, ensuring that
each prototype appeared equally often in each position across participants. This approach
minimized potential biases related to fatigue and learning effects. To ensure comparability
across prototypes while allowing for personalized relevance, participants were instructed to

imagine a consistent caregiving scenario—either drawn from prior experience supporting family
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caregivers or from their personal experience as a family caregiver. They were asked to maintain
the same imagined scenario across all three interactions with three agents. Following interacting
with each mental health conversational agent, participants were asked to complete an evaluation

of the agent on its therapeutic alliance, empathy, cultural responsiveness, and their satisfaction.

Therapeutic Alliance. Therapeutic alliance (or working alliance) describes the
collaborative and trusting relationship between a client and their therapist. We measured the
therapeutic alliance using the 4-item Session Rating Scale (SRS) (Duncan et al., 2003), which is
a tool commonly used in psychotherapy to assess clients’ subjective experiences of a single
therapy session. It is a session-level measurement. For instance, a recent study has used SRS to
assess therapeutic alliance of an Empathic LLM (EmLLM) chatbot (Dongre, 2024; Dongre et al.,
2024). The SRS was also examined cross-culturally and deemed largely consistent with the
English studies (Hafkenschied et al., 2010; She et al., 2023). SRS covers the three cores of the
alliance according to the highly influential model of the working alliance by Bordin (1994):
agreement on therapy goals, agreement on tasks, and the bond between therapist (i.e.,
conversational agent) and client (i.e., participant). Specifically, it measures four dimensions
including relationship (to what extent you felt heard, understood, and respected by the chatbot),
goals & topics (to what extent the session focused on what you wanted to work on and talk
about), approach or method (to what extent the therapy approach is a good fit for you), and
overall satisfaction (overall rating of interaction) (Duncan et al., 2003). The SRS is a four-item
visual analogue instrument on a 0—10 scale. Higher scores indicate better performance in that

dimension.

Empathy. We measured perceived empathy using a 3-item computational empathy
measure developed by Sharma et al. (Sharma et al., 2020). Specifically, the instrument assesses
three aspects of empathy: emotional reactions (expressing emotions such as warmth,

compassion, and concern), interpretations (communicating an understanding of feelings and
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experiences inferred from the user input), and explorations (exploring the feelings and

experiences not stated in the user input).

Cultural Competence. In addition, we used two complementary measures to assess
cultural responsiveness: The Healthcare Provider Cultural Competency Measure (CCM) is a
validated patient-reported instrument that captures patients’ perceptions of their providers’
cultural competency (Lucas et al., 2008). This 9-item evaluation assesses three critical
domains—cultural knowledge, awareness, and skill. This scale has established reliability
(Cronbach’s alpha 0.68—0.98)(Cronbach, 1951) in previous studies (Dawadi et al., 2022;
Alizadeh & Chavan, 2020; Napoles et al., 2012). To minimize participant burden while
maintaining construct validity, we selected a representative item from each domain plus one
overall assessment item, preserving the theoretical structure while optimizing completion time.
The consistency reliability of the four selected CCM items was assessed in our previous study

(Chapter 4), showing excellent internal consistency (Cronbach’s a = 0.96).

Cultural Relevance. The Cultural Relevance Questionnaire (CRQ) was informed by
the literature on cultural sensitivity (Resnicow et al., 1999) and ecological validity theory (Bernal
et al., 1995). The CRQ has demonstrated utility in assessing internet-delivered therapeutic
interventions (Salamanca-Sanabria et al., 2018) and low-intensity psychological approaches
(Perera et al., 2020), making it particularly appropriate for our low-intensity therapy
intervention context. Prior studies report good internal consistency (Cronbach’s a > 0.70)
(Perera et al., 2020; Salamanca-Sanabria et al., 2019). The consistency reliability of the CRQ
items was assessed in our previous study (Chapter 4), showing excellent internal consistency
(Cronbach’s a = 0.94). By employing both CCM and CRQ, we aimed to probe cultural

responsiveness comprehensively.

In addition, we included the Net Promoter Score (NPS) as a single-item measure of

overall user satisfaction, rated on a scale from o (not at all likely) to 10 (extremely likely).
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Participants were asked, “How likely are you to recommend this Al therapist to a family member
or friend?”—a widely used item for assessing general satisfaction and likelihood of endorsement.

All evaluation items are provided in Appendix 3.
Data Analysis

We conducted a comprehensive analysis using both descriptive and statistical methods.
Descriptively, we calculated the mean and standard deviation for each evaluation
measure—cultural competence (CCM), cultural relevance (CRQ), perceived empathy,
therapeutic alliance (SRS), and user satisfaction (NPS)—across the three conversational agent
prototypes. We first examined the distribution of scores for each measure to determine the
appropriateness of parametric versus nonparametric tests. Because the data did not consistently
meet normality assumptions, we performed Wilcoxon signed-rank tests for each pairwise
comparison (V1 vs. V2, V2 vs. V3, V1 vs. V3) across all five evaluation dimensions. In addition,
we conducted subscale-level analyses to gain deeper insights into each construct. For
therapeutic alliance, we analyzed the four subscales of the Session Rating Scale (SRS):
relationship, goals and topics, approach, and overall rating. For perceived empathy, we
examined the three dimensions outlined by Sharma et al. (2020): emotional reactions,
interpretations, and explorations. For cultural competence, we assessed three domains: cultural
knowledge, awareness, and skill. For cultural relevance, each individual item in the Cultural
Relevance Questionnaire (CRQ) was analyzed. Wilcoxon signed-rank tests were also conducted
for all subscales, including pairwise comparisons between each version of the conversational

agent. A p-value of less than 0.05 was considered statistically significant.

6.2 Results

A total of 36 participants were included in the study. Age data were provided by 31 participants,

with a mean age of 37.9 years (SD = 8.1, range = 24-55). Gender was reported by all participants,
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with 21 (58.3%) identifying as female and 15 (41.7%) as male. Most participants held a bachelor’s
degree (n = 18, 50.0%) or a graduate/professional degree (n = 77, 19.4%). A small number
reported having some high school or less (n = 1, 2.8%), a high school diploma (n = 1, 2.8%), or
preferred not to answer (n = 2, 5.6%)). For English proficiency, the majority of participants
indicated they spoke English “well” (n = 18) or “very well” (n = 16), 2 (5.6%) selected“not well”
and 1 selected “not at all”. Thirty-four participants reported their length of residence in the U.S,,
with an average of 12.5 years (SD = 6.87, range = 3-30 years). Sixteen (44.4%) out of the

participants were caring for or had experience caring for their older adult family members.

We evaluated three prototypes of mental health conversational agents developed to
support Chinese family caregivers: (V1) a baseline agent with no cultural adaptation, (V2) an
agent using a prompt-based cultural adaptation method, and (V3) an LLM workflow-powered
agent utilizing a cultural context database. As shown in Table 6.1, the LLM workflow-powered
agent (V3) consistently outperformed both the prompt-based agent (V2) and the baseline agent
with no cultural adaptation (V1) across all measures. Table 6.2 further shows that only the
context-engineered model (V3) achieved consistent, statistically significant improvements over
the baseline (all p < .05) with relatively large effect sizes (r = 0.54—0.65). Although the
prompt-based culturally adapted agent (V2) demonstrated improvements over V1 in the
expected direction, it reached statistical significance only for user satisfaction (p = .02, r = 0.58).
This distinction highlights the superior effectiveness of the context-engineered approach (V3)
compared with prompt-based adaptation (V2). Direct comparisons between V2 and V3 revealed
a trend favoring the LLM workflow context engineering method, including a trend toward a
significant difference in empathy (p = .09). These findings support the added value of context
engineering and retrieval-augmented generation utilizing the cultural context database in

delivering culturally responsive and empathetic support.
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Table 6.1. Comparison of conversational agent prototypes across five evaluation dimensions.

V1 = no cultural adaptation; V2 = culturally adapted using prompt-based method (Chapter 4);

V3 = LLM workflow with cultural context database (Chapter 5).

Dimension ViMean (SD) V2 Mean (SD) | V3 Mean (SD)

Therapeutic Alliance +
(SRS) 5.69 (0.53) 6.15 (0.39) 6.53 (0.49)

Empathy 3.22 (0.21) 3.37 (0.20) 3.62 (0.21)t

Cultural Competence T
(CCM) 3.72 (0.09) 4.03 (0.17) 4.25 (0.15)

Cultural Relevance (CRQ)| 2.84(0.24) 2.99 (0.21) 3.19 (0.17)t

User Satisfaction (NPS) 5.37 (2.56) 5.94 (2.44)T 6.44 (2.27)t

T Indicates statistically significant improvement over the baseline (V1) at p < .05.

Mean Score

Mean of Three Agent Versions Across Evaluation Measures

6.53

Agent Version
V1
. V2
. V3

6.44

Figure 6.1. Mean scores across five evaluation measures for each of the three conversational
agent prototypes.



Table 6.2. Pairwise comparisons of conversational agent prototypes across evaluation

dimensions. Wilcoxon signed-rank test results are reported for each comparison, including the

W statistic, p-value, and effect size (r).

SRS average Empathy CCM average| CRQ average | NPS average
average
W=227.0, p=.34 W=171.0, p=.47, W=137.5, p=.13| W=135.5, p=.19, W=113.0, p=.02,
Vivs V2 r=0.28 r=0.42 r=0.51 r=0.52 r=0.58*
W=155.5, p=.11, W=109.0, p=.09,| W=171.5, p=.47, W=160.0, W=151.5, p<.05,
V2vs V3 r=0.46 r=0.59 r=0.42 p=.213, r=0.45 r=0.48*
W=124.5, p=.02| W=91.5, p=.01| W=125.5, p=.03| W=82.5, p=.003) W=83.5, p=.01,
Vivs V3 r=0.55* r=0.63* r=0.54* r=0.66* r=0.65*

* indicates statistically significant differences at p<.05.

To further examine therapeutic alliance, we analyzed the four subscales of the Session
Rating Scale (SRS): relationship, goals and topics, approach, and overall rating. As shown in
Table 6.3, the LLM workflow and RAG-enabled culturally adapted agent (V3) demonstrated
statistically significant improvements over the baseline (V1) on all four subscales (all p < .05).
The prompt-based agent (V2) did not show significant improvements over baseline (V1) on any
subscale. For perceived empathy, we analyzed three subscales: emotional reactions,
interpretations, and explorations. As shown in Table 6.4, V3 significantly outperformed V1 on all
three dimensions—emotional reactions (W = 34.0, p = .01), interpretations (W = 63.0, p = .02),
and explorations (W = 57.5, p = .02). V2 again showed no statistically significant improvements
over V1. These results underscore that the most consistent and substantial gains from baseline
were achieved with the context-engineered V3, particularly in fostering stronger therapeutic

alliance and richer expressions of empathy.



Table 6.3. Pairwise comparisons of therapeutic alliance subscales (Session Rating Scale,

SRS) across conversational agent versions.

SRS - Relationship | SRS- Goals & Topics SRS - Approach SRS - Overall
VLvs V2 W=122.0, :)==O.'1565, W=68.5, rp==(3.1609' W=193.5, f==6§307’ W=83.0;=p0='.6053ﬂ:
V2 vs V3 W=170.0, rp==0.'142?: W=163.5, :):(5'3464 W=112.0|:=p0=..5083*, W=98.5, |E>==6.3661,
viwvs | MEROIRE M e T TN

* indicates statistically significant differences at p<.05.

Table 6.4. Pairwise comparisons of empathy dimensions across conversational agent
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versions.
Empathy- Emotional Reactions |Empathy- Interpretations [Empathy- Explorations
V1vs V2 W=91.0, p=.58, r=0.63 W=70.5, p=.30, r=0.69 W=72.5, p=.34, r=0.68
V2vsV3 W=37.5, p<.05, r=0.77* W=72.0, p=.31, r=0.68 W=78.5, p=.17, r=0.67
V1vs V3 W=34.0, p=.01, r=0.78* W=63.0, p=.02, r=0.71* W=57.5, p=.02, r=0.72*

* indicates statistically significant differences at p<.05.

To more closely examine cultural responsiveness, we analyzed the subscales of cultural

competence, which capture cultural knowledge, cultural awareness, and skillfulness in providing

care that respects the client’s cultural values and traditions. As shown in Table 6.5, the LLM

workflow—powered agent (V3) achieved significantly higher ratings than the baseline agent (V1)

for both overall cultural competence (W = 77.5, p = .01) and the “well-equipped with skills”

subscale (W = 78.5, p = .04). The prompt-based agent (V2) showed only a marginally significant

improvement over V1 in overall cultural competence (W = 70.0, p < .05) and did not differ

significantly from baseline on other subscales.

We also assessed cultural relevance using the Cultural Relevance Questionnaire (CRQ).

As shown in Table 6.6, V3 scored significantly higher than V1 on CRQ-2 (tailoring goals to the
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user’s cultural context, e.g., using relevant examples or personal stories; W = 30.0, p = .02) and
CRQ-3 (use of dialects, sayings, or slang relevant to the cultural context; W = 20.0, p < .001).
The prompt-based agent (V2) showed a significant improvement over V1 only on CRQ-3 (W =
34.0, p < .001). Across all cultural competence and cultural relevance measures, V3 consistently
achieved the highest mean scores, indicating that the most substantial gains from baseline were

realized with the LLM workflow approach.

Table 6.5. Pairwise comparisons of cultural competence (Cultural Competence Measure,
CCM) dimensions across conversational agent versions.

CCM- Cultural CCM- Cultural CCM- Well- i d
ultura ultura .e ec.|U|ppe CCM- Overall
Knowledge Awareness with Skills
V1vs V2 W=61.5, p=.10, W=75.5,p=42,| |\ _ = = W=70.0, p=.05,
r=0.71 r=0.66| V00, P=.23,1=0.72 r=0.69*
V2 vs V3 W=114.0, p=.96, W=107.5, p=.53, W=129.5, p=.35, W=113.0, p=.27,
r=0.57 r=0.57 r=0.53 r=0.58
V1vs V3 W=83.0, p=.09, W=102.0, p=.06, W=78.5, p=.04, W=77.5, p=.01,
r=0.65 r=0.60 r=0.67* r=0.67*

* indicates statistically significant differences at p<.05.

Table 6.6. Pairwise comparisons of cultural relevance (Cultural Relevance Questionnaire,
CRQ) items across conversational agent versions. CRQ 1 - reflect the people and broader cultural
context, including social, political, economic, ethnic, and historical factors; CRQ 2 - tailoring
goals to the user’s cultural context, e.g., using relevant examples or personal stories; CRQ 3 - use
of dialects, sayings, or slang relevant to the cultural context; CRQ 4 - uses behavioral or
emotional expressions familiar to the target cultural group; CRQ 5 - incorporates culturally
shared symbols, concepts, or analogies, into its responses.)

CRQ1 CRQ 2 CRQ3 CRQ 4 CRQ 5
V1 vs V2 W=78.0, p=.74,| W=90.0, p=.13,| W=34.0, p=.003, |W=92.5, p=.41,| W=76.5, p=.67,
r=0.66 r=0.62 r=0.78* r=0.63 r=0.67
V2 vs V3 W=42.0, p=.15,| W=68.0, p=.67,] W=61.5, p=.45, |W=56.0, p=.18,| W=53.5, p=.14,
r=0.76 r=0.69 r=0.71 r=0.73 r=0.72
V1vs V3 W=32.5, p=.10,| W=30.0, p=.02, [ W=20.0, p<.001, W=158.5,| W=34.0, p=.07,
r=0.78 r=0.79* r=0.82*| p=.65, r=0.46 r=0.78

* indicates statistically significant differences at p<.05.
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6.3 Discussion

This study evaluated and compared three versions of a mental health conversational agent
designed to support Chinese family caregivers, comparing a baseline agent (V1), an agent that is
culturally adapted using prompt-based method (V2), and an agent enhanced through a
context-engineered LLM workflow that dynamically retrieved culturally relevant context from a
database (V3). Our findings demonstrate that the context-engineered LLM workflow (V3)
consistently and significantly improved user perceptions of therapeutic alliance, empathy, and
cultural responsiveness when compared to the baseline agent (V1), and in some cases, the
prompt-based adaptation, while the prompt-based adapted agent (V2) only significantly

improved baseline performance on overall user satisfaction.

In particular, the V3 agent outperformed both V1 on all four subscales of the Session
Rating Scale with statistical significance, indicating stronger perceived relationship, better
alignment on goals and topics, greater fit of the therapeutic approach, and higher overall
satisfaction with the interaction. These improvements in alliance are especially notable given
prior research showing that racial and ethnic minority clients often experience weaker
therapeutic relationships in psychotherapy settings (Thomas, 2016; Owen et al., 2011). These
findings suggest that incorporating dynamically retrieved, culturally grounded content can

strengthen therapeutic alliance in AI-mediated interventions.

The LLM workflow-powered agent (V3) also demonstrated significantly higher ratings
on all three subscales of empathy compared to non-culturally adapted V1. These results suggest
that the integration of culturally grounded examples—retrieved in real time from a curated
knowledge base —enabled the agent to respond in ways that were more attuned to users’
emotional needs. Similarly, the V3 agent achieved higher ratings in both cultural competence
and cultural relevance measures, indicating that users perceived the agent as better equipped to

understand, respect, and reflect their cultural contexts. While all CRQ items showed directional
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improvements, only CRQ-2 and CRQ-3 reached statistical significance. This suggests that the
retrieval-augmented LLM workflow was particularly effective in enhancing the agent’s ability to
incorporate concrete, context-specific elements of cultural communication, such as culturally

relevant goals, sayings, and expressions.

This study makes several contributions to the field of culturally responsive AI for mental
health support. First, comparing to prior work that has explored context-engineered chatbots for
cultural preservation and education (Chang et al., 2024), our work uniquely applies RAG to
improve cultural responsiveness within a mental health context, explicitly targeting outcomes
that are clinically meaningful—such as therapeutic alliance, empathy, and cultural competence.
These constructs, drawn from psychotherapy research, offer a more outcome-oriented lens than
general usability or engagement measures. Importantly, we conducted subscale-level analyses
across all evaluation measures, offering deeper insights into the specific dimensions where
cultural adaptation was effective. Second, we conducted a within-subject comparison of three
adaptation methods—baseline, prompt-based, and context-engineered agents—allowing us to
isolate the benefits of context engineering with statistical evidence. By directly evaluating both
prompt-based and context engineering methods, we demonstrate that an agent that dynamically
retrieved cultural context was able to achieve better outcomes. Third, our system is supported by
a carefully curated cultural context database, informed by prior qualitative research with
Chinese family caregivers and community staff and developed by bilingual Chinese American
researchers. This database embeds culturally grounded examples and nuanced expressions
aligned with values such as filial piety and emotional restraint. Fourth, we incorporated
safeguards within the LLM workflow to mitigate contextual confusion—explicitly guiding the
LLM to treat retrieved content as background cultural information rather than user input.
Collectively, these contributions represent a substantial step forward in designing and

evaluating culturally responsive Al systems tailored for mental health care delivery.
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Despite these promising findings, several limitations should be noted. First, while our
sample was community-based, participants were primarily staff members from local community
organizations. As such, their experiences may not fully reflect those of Chinese-speaking family
caregivers actively engaged in caregiving roles. Second, although the use of validated measures
allowed us to capture key dimensions of perceived effectiveness, future studies should
incorporate behavioral or longitudinal outcomes—such as user engagement over time,
adherence to self-care recommendations, and mental health outcomes—to evaluate the practical
impact of cultural adaptation. Additional work is also needed to assess real-world health
outcomes of culturally adapted mental health AI agents. Third, because the adapted agent was
implemented as a multi-component system, we were not able to determine which component,
such as the cultural context database or the retrieval-and-integration mechanism, contributed
most to the observed effects. Moreover, we observed that the responses generated across the
three versions were different. The context engineering approach tends to generate longer
responses. Finally, we observed systematic differences in response styles across models: the
context-engineered agent tended to generate longer responses. Future work should examine
how response length influences user perceptions of empathy and therapeutic alliance, through

post-hoc or controlled analyses.

6.4 Conclusion

Taken together, the findings of this study underscore that embedding culturally
grounded, cultural context-specific information into mental health conversational agents
through a RAG-enabled context engineering workflow can substantially enhance users’
perceptions of therapeutic alliance, empathy, and cultural responsiveness. For family caregivers,
such improvements may not only foster more relatable interactions but may also translate into
greater engagement and adherence to self-care strategies. More broadly, the work demonstrated

a scalable framework for operationalizing cultural adaptation in LLM-driven mental health
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interventions, which could be extended to other underserved communities and caregiving
contexts. By bridging cultural gaps in communication, this approach holds promise for reducing
disparities in access to and quality of mental health care, advancing more personalized digital

mental health support for caregivers.
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CHAPTER 7. Randomized User Study: Impact of Cultural
Adaptation on Emotional Well-being and User

Experience

In this chapter, I describe a user study (Aim 3) that examines the real-world impact of cultural
adaptation by testing the chatbot with target end-users: Chinese American family caregivers
caring for older adults. Based on the findings from Chapter 6, we selected the best-performing
culturally adapted agent (the dynamic cultural context-engineered V3) and compared it against
the non-adapted baseline agent (V1) in a randomized between-subjects experiment. This study
was designed to evaluate whether the advantages of cultural adaptation observed in controlled
comparisons would translate into improved user experience and short-term emotion state
improvement in a practical use scenario. In particular, we focused on outcomes immediately
following a single chat session, including the user’s emotional states, perceived cultural
competence, empathy and therapeutic alliance of the agent, and satisfaction. Our hypothesis was
that caregivers who interacted with the culturally adapted agent would report greater
improvements in their emotions, and higher ratings of the agent’s empathy, alliance, and

cultural competence, compared to those who interacted with the non-adapted agent.

This study builds upon the previous evaluation in three key ways to enhance ecological
validity and strengthen the assessment of cultural adaptation: (1) participants engaged with only
one version of the agent, (2) actual caregivers were recruited and asked to interact with the
agent using their current real-life experiences rather than hypothetical scenarios, and (3) an
additional measure of change in emotional states (PANAS) was included to provide a more
comprehensive evaluation of cultural adaptation. These design choices aimed to more closely
mirror the real-world use of a mental health support conversational agent for caregivers and

preliminarily explore the effect on preliminary health outcomes. By measuring preliminary
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health outcomes (i.e., immediate change of affective states), this user study addresses the call for
more outcome-oriented evaluation of culturally adapted AI conversational agents in the context
of mental health care deliverys:. While the intervention was limited to a single, brief session,
immediate mood improvements observed may indicate the potential for sustained benefits with

repeated use (Di Pompeo et al., 2023).

~7.1 Methods

We conducted a two-group randomized user study. Participants were randomly assigned to
interact with one of two agent prototypes: Non-culturally adapted agent — interaction with the
baseline (GPT-40), or the culturally adapted agent that uses the context-engineered LLM
workflow. Randomization was implemented via the Qualtrics survey platform. Participants were
not explicitly told which version (adapted or not) they were using and were instructed that they
would be interacting with a “caregiver support Al therapist” and to engage with it as if seeking

help with their caregiving stress.
Participants & Recruitment

We targeted Chinese-speaking family caregivers of older adults residing in the United States or
Canada as the intended end-user population. Inclusion criteria were: (1) age 18 or older; (2)
current experience providing care to an older family member; and (3) the ability to read and
type in Chinese. We recruited participants through multiple community channels. Our partner
organizations (the same ones from earlier studies) helped distribute study flyers in their
network. Additionally, we posted study advertisements on social media platforms popular in
Chinese American communities (e.g., WeChat groups). Snowball sampling was encouraged
(caregivers could share the study link with others). We aimed to recruit approximately 80
participants based on a power analysis using results from a prior study examining pre- and

post-session PANAS differences, as well as user study feasibility considerations. Given the
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preliminary nature of this user study, we acknowledged that our sample might not be powered
to detect small effects. However, we anticipated observing clear directional trends and gathering

feasibility data to inform future trials.
Data Collection

The study was conducted online. All evaluations were conducted through the Qualtrics online
surveys. Demographic data collected included age, gender, years living in the U.S., education
level, and self-reported English proficiency level. Each participant was assigned to engage with
either the non-culturally adapted prototype or the culturally adapted prototype. Each
participant was assessed on their change in emotional states, and asked to evaluate the
prototype that they interacted with on therapeutic alliance, perceived empathy, and cultural

competency of the agent.

Both versions of the agent (adapted and non-adapted) were configured to deliver a brief
Problem-Solving Therapy (PST) initial session. PST has been shown to be effective in reducing
anxiety and emotional distress (Ferré-Grau et al., 2014). Specifically, the agent would greet the
user, ask them about their current problem or stressor regarding their caregiving, and then
follow the PST framework focusing on symptom assessment. We chose to focus on the symptom
assessment phase because it emphasizes eliciting the user’s caregiving stressors, which would
align with our cultural context database, which contains caregiving challenges and underlying
reasons. Both chatbot versions had identical PST prompts, except that the adapted version had
the added cultural context retrieval capability. The culturally adapted agent would, whenever
relevant, pull in culturally specific understanding or examples (from the Chinese caregiver
database) as part of its responses (described in detail in Chapter 5). The baseline agent, on the
other hand, responded based on generic PST prompts without any cultural context injection.
After a complete PST first session, the agent will signaled a wrap up and instruct participants to

return to the survey to complete post-session evaluations. These included the same mood scale
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as pre-session and questionnaires on the agent’s empathy, therapeutic alliance, and cultural

competence, identical to those used in Chapter 6.

Emotional Well-being (PANAS-X). To quantify changes in participants’ emotional
states after chatting with the conversational agent, we used subscales from the Positive and
Negative Affect Schedule - Expanded Scale (PANAS-X) (David & Clark, 2011). PANAS (Watson
et al., 1988) is a tool that has been used by therapists to track changes in positive and negative
emotions for clients. It can be used to measure the immediate effects of therapy sessions and
outcomes associated with psychological interventions (Saxon et al., 2017). We used a Chinese
translation of PANAS-X that has been validated in prior research (Guo & Gan, 2010). The
PANAS-X contains 11 specific emotional subscales, in this study, specifically, we selected four
subscales corresponding to four affective states, fatigue, guilt, sadness, and serenity, that
we hypothesized to be relevant to stressed caregivers and responsive to a therapeutic session
based on a prior study (Divina et al., 2021). The survey included 14 items of 4 subscales from
PANAS-X in total: Fatigue (3-item), Guilt (6-item), Sadness (3-item), and Serenity (2-item). The
items were presented in Chinese. Participants rated the extent to which they felt each emotion
“right now” on a 1 (not at all) to 5 (extremely) scale. The PANAS survey was administered twice:
once right before the chat with the agent, and once immediately after the chat. We then scored
each affect by summing its items, yielding four scores for pre-session and four for post-session
for each participant. An effective intervention should reduce the scores for negative affects

(fatigue, guilt, sadness) and increase the score for positive affect (serenity).

Therapeutic Alliance. As with the work described in Chapter 6, to assess the strength
of the therapeutic relationship between participants and the AI agent, we utilized the 4-item
Session Rating Scale (SRS) (Duncan et al., 2003). The SRS is a widely used session-level
instrument designed to capture clients’ perceptions of the therapeutic process in a single

session. It aligns with Bordin’s (1994) foundational model of working alliance, which includes
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three core components: shared goals, agreement on tasks, and the emotional bond. The four
subscales of the SRS reflect these dimensions: (1) Relationship (feeling heard, understood, and
respected), (2) Goals & Topics (alignment with what the user wished to discuss), (3) Approach
or Method (fit of the agent’s approach), and (4) Overall Satisfaction. Participants rated each
item on a 0—10 visual analogue scale, with higher scores indicating stronger therapeutic alliance.
Prior work has used the SRS to evaluate human and Al-delivered therapy, including LLM-based
agents (Dongre, 2024; Dongre et al., 2024), and cross-cultural validation studies have shown
consistent psychometric properties across languages and populations (Hafkenscheid et al.,

2010; She et al., 2023).

Empathy. As with the previous study, we evaluated perceived empathy using a
three-item instrument developed by Sharma et al. (2020), specifically designed to capture the
emotional and cognitive elements of empathetic responses in computational systems. The tool
measures three key aspects: (1) Emotional Reactions (e.g., displays of warmth or concern), (2)
Interpretations (inferring and acknowledging users’ emotions or experiences), and (3)
Explorations (prompting reflection on unspoken feelings). These dimensions collectively

provide insight into the depth and quality of the AI agent’s empathic communication.

Cultural Competence. Consistent with the previous study, to assess perceptions of
cultural competency, we adapted four items from the Healthcare Provider Cultural Competency
Measure (CCM) (Lucas et al., 2008), a validated tool developed to capture patient-reported
experiences of provider cultural sensitivity. The full CCM includes nine items spanning three key
domains—cultural knowledge, awareness, and skills. We selected one item from each domain,
plus an overall item, in order to reduce respondent burden while preserving conceptual
coverage. This reduced set demonstrated excellent internal consistency in prior work (Chapter
4; Cronbach’s a = 0.96), aligning with previously reported reliability estimates in the literature

(Cronbach, 1951; Dawadi et al., 2022; Alizadeh & Chavan, 2020; Népoles et al., 2012).
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Data Analysis

First, to ensure data quality, we set a threshold that surveys completed under five minutes were
flagged and excluded, as internal testing within the research team concluded that it would be not
feasible to thoughtfully complete both the chat interaction and evaluations in such a short time.
Four data entries were excluded using this criterion. We used ANOVA and Chi-square to test if
there was any major difference between the two groups among demographic variables (age,
education level, English proficiency, length of residence in the U.S.) and baseline PANAS score.
Within each group (non-adapted and adapted), Wilcoxon signed-rank tests were used to assess

whether the within-subject pre-post changes in emotional states were statistically significant.

Next, we conducted in independent samples t-tests to examine differences between
groups (adapted vs. non-adapted) on change of emotional states (post- minus pre-session
scores), therapeutic alliance, perceived empathy, and cultural competence. Prior to analysis,
data were assessed for normality. Given the sample sizes, the Central Limit Theorem was
deemed sufficient to support the robustness of the t-tests despite minor deviations from
normality. Effect sizes were calculated using Cohen's d. Additionally, given the observed gender
distribution differences between two groups, multiple linear regression analyses were conducted
to examine whether group assignment (adapted vs. non-adapted) predicted each outcome
variable while controlling for gender. Post-hoc exploratory analyses were also conducted on
individual measured items to examine item-level difference between groups. Because this is a
user study with limited sample size, constrained by recruitment feasibility, and the goal was to
identify potential areas for further investigation, we also presented results that were trending
significance (p < 0.10). However, any significant findings should be interpreted with caution

given the limited sample size.
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7.2 Results

A total of 58 family caregivers participated in this study: 26 interacted with the non-adapted
agent, and 32 interacted with the culturally adapted agent. Table 7.1 summarizes the
demographic characteristics of each group. No statistically significant differences were found
between groups on key variables including age, education level, English proficiency, or years
living in North America. However, there was a significant gender imbalance: the adapted group
had a higher proportion of female participants (90.3% vs. 64.0%, x2 = 5.70, p = .02). To account

for this imbalance, subsequent analysis of group comparisons controlled for gender.

Table 7.1. Participant demographic characteristics by group assignment.

l:gel:lta g:(?li;d Adapted z_lgent [t/x> [p-value
(n=26) group (n=32)
éﬁ‘;ge;“g) min-max) 50.5 (14.9,19-79)  [54.1(19.2,18-86) [0.77 |45
Gender (n, %)
Male 9 (36.0%) 3 (9.7%) ~ N
5.70 |02
Female 16 (64%) 28 (90.3%)
Education (n, %)
Some high school or less 1(3.8%) 3(9.4%)
High school diploma or GED 2 (7.7%) 5 (15.6%)
Some college, but no degree 3 (11.5%) 5 (15.6%)
Bachelor's degree 10 (38.5%) 10 (31.3%) 4-80 144
Graduate or professional degree |9 (34.6%) 6 (18.8%)
Prefer not to say 1(3.8%) 3 (9.4%)
English proficiency (n, %)
Not at all 2 (7.7%) 3 (9.4%)
Not well 6 (23.1%%) 7 (21.9%)
Well 7 (26.9%) 9 (28.1%) 0.06 |98
Very well 9 (34.6%) 11 (34.4%)
Prefer not to say 2 (7.7%) 2(6.3%)
Years living iq the U.S. or Canada 151 (117, 1-42) 16.1 (8.4, 1-39) 0.39 |70
(mean, SD, min-max) ’ ’
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Tables 7.2 and 7.3 show the results of Wilcoxon signed-rank tests to assess pre- and post-
differences in emotional states (PANAS-X) within each group. Participants interacting with both
the non-adapted and adapted agents showed significant improvements in fatigue, guilt, and
sadness after the session (p < .05 for all). However, for positive affect, no significant change in
serenity was observed (p = .90) for the non-adapted agent group while the adapted agent group
showed a trend toward a significant improvement in serenity (p = .07, r=0.74). These findings
suggest that both conversational agents led to immediate reductions in negative emotions, and
that the culturally adapted agent may have conferred additional benefits in enhancing positive

affect.

Table 7.2. Within-group pre—post changes in emotional states for the non-adapted agent

roup.
Affect Change in Wilcoxon Effect —value
Score M(SD) Stats (W) size (1) P
Negative Affect
Fatigue -1.85 (2.43) 35.5 0.70% .002
Guilt -3.65 (4.53) 10.5 0.82* .001
Sadness -0.81(1.86) 19.0 0.78* .03
Positive Affect
Serenity +0.15 (2.07) 74.0 0.51 .90

Table 7.3. Within-group pre—post changes in emotional states for the_culturally adapted group.

Affect Change in Wilcoxon Effect value
Score M(SD) Stats size (1) p
Negative Affect
Fatigue -2.12 (2.08) 4.0 0.86* <.001
Guilt -2.69 (3.60) 10.0 0.84* <.001
Sadness -1.12 (2.49) 31.5 0.77* .01
Positive Affect

Serenity +0.56 (1.72) 39.0 0.74* .07
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Independent samples t-tests revealed no statistically significant differences between
groups on any outcome variable (all p > 0.10). Effect sizes were small, ranging from d = 0.10 tod
= 0.35. Post-hoc power analysis indicated that the current sample size (n = 58) only had
adequate power (>80%) to detect medium to large effect sizes (d > 0.5) but limited power to
detect small effects (d < 0.5). Power estimates further suggested that more than 200 participants
would be required in a future study to reliably detect small effects with statistical significance.
Although group differences did not reach statistical significance on these overall composite
measures (p’s > .10), participants in the adapted agent group reported consistently higher scores
across all three domains including therapeutic alliance, empathy and cultural competence

(Table 7.5).

Table 7.4. Between-group comparisons of outcome measures using independent samples

t-tests.
Non-adapted Adapted Cohen’s
Variable version version t-statistici df p-value d
M (SD) M (SD)

Fatigue (pre—post diff) | -1.85(2.43) | -2.12(2.08) -0.46 49.4 0.64 -0.13
Guilt (pre—post diff) -3.65 (4.53) |-2.69 (3.60) 0.88 47.2 0.38 0.24
Sadness (pre—post diff)  -0.81(1.86) | -1.12 (2.49) -0.56 55.6 0.58 -0.14
Serenity (pre—post diff) | 0.15 (2.07) 0.56 (1.72) 0.80 48.6 0.42 0.22
Therap%g‘gg?lliance 6.29 (2.82) 6.62 (2.57) 0.45 50_8 0.66 0.12
Empathy 3.60(1.16) | 3.71(0.96) .37 48.6 = 0.71 0.10
Cultural Competence 412 (1.82) | 4.72 (1.62) 1.32 50.7 0.19 0.35

(CCM)

As shown in Table 7.5, after controlling for gender (Outcome = 3o + 3:(Group) +
B:(Gender) + &), group assignment was still not a significant predictor of any outcome variable
(all p > .10). This is consistent with and strengthens the results shown in Table 7.4 that adapted

and non-adapted versions have no significant difference in effects.
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Table 7.5. Multivariate regression results: effect of group assignment on outcome measures
controlling for gender.

Variable Group Coefficient (3:) p-value
Fatigue (pre—post diff) -0.19 0.70
Guilt (pre—post diff) 1.02 0.40
Serenity (pre—post diff) 0.33 0.50
Sadness (pre—post diff) -0.24 0.70
Therapeutic Alliance (SRS) -0.11 0.80
Empathy 0.04 0.80
Cultural Competence (CCM) 0.52 0.20

Exploratory post-hoc analysis of individual CCM items revealed a significant group
difference (t = 2.13, p = 0.046, d = 0.56) on the item: "Would you recommend the Al therapist to
someone with a Chinese cultural background? 1=Not at all, 7=Highly recommend." Participants
in the adapted group reported significantly higher recommendation scores (M = 5.03, SD = 1.79)
compared to the non-adapted group (M = 4.00, SD = 1.88). This medium effect size (d = 0.56)
suggests that while overall cultural competence scores did not differ significantly between
groups, cultural adaptation specifically enhanced participants' willingness to endorse the agent

within their cultural community.

~.3 Discussion

This user study aims to evaluate whether the culturally adapted Al agent, adapted through a
context-engineering approach using a cultural context database, would yield better short-term
emotional outcomes, alliance, and empathy for Chinese-speaking caregivers living in North
America, compared to a generic, non-adapted baseline agent. Participants in both groups
reported significant reductions in negative affects (fatigue, guilt, sadness) following a
single-session interaction. Notably, only the culturally adapted agent led to a statistically

significant improvement in positive affect (serenity). These results suggest that caregivers were
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able to get measurable emotional benefits from even a single-session interaction with a
therapeutic conversational AI agent, which is particularly promising for populations under high
stress, such as family caregivers. In contrast to prior studies of non-LLM-based therapy
chatbots, which did not observe significant changes in PANAS scores (e.g., Liu et al., 2022;
Fitzpatrick et al., 2017), our results point to the promise of LLMs in facilitating emotionally

supportive therapeutic conversations.

Despite the overall positive impact, between-group comparisons did not reveal
statistically significant differences across emotional states improvements and most post-session
evaluation metrics, including therapeutic alliance, empathy, and cultural competence. However,
the culturally adapted agent consistently achieved higher mean scores across these dimensions,
indicating directional improvements. Importantly, participants who interacted with the adapted
agent were significantly more likely to recommend it to someone with a similar cultural
background, suggesting a potentially higher perceived cultural alignment and acceptability.
Even though differences in measured outcomes are modest, enhanced cultural alignment and
acceptability may influence user endorsement and long-term engagement, which will potentially

affect adoption and dissemination in real-world mental health interventions.

Several factors may help explain the absence of statistically significant between-group
differences. First, individual differences in participants’ characteristics and therapeutic
preferences may have introduced substantial variability that obscured the cultural adaptation
effects in our between-subjects design. Future studies might benefit from statistically controlling
for key variables such as gender, age, acculturation level, therapeutic expectations, and baseline
mental health status. Second, the interaction with the agents in this study is limited to only one
single session and the agent focused solely on symptom assessment, a relatively structured
phase of problem-solving therapy in which even non-adapted agents may perform competently.

In this context, the added value of cultural adaptation may not be fully realized, as the session
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primarily involved prompting users to describe their stressors—an interaction that does not
necessarily require culturally grounded responses. Third, the study’s modest sample size limited
statistical power. With only 25—30 participants per group, the study was underpowered to detect
small-to-moderate effects. A post-hoc power analysis indicated that over 200 participants per
group would be required to detect a medium effect size (d ~ 0.4) on alliance with 80% power at
a conventional alpha level of .05. We did observe a consistent trend (adapted > non-adapted
baseline), which could indicate small but meaningful effects that may become evident in a larger
trial. Further research is needed to determine the differences and impact of cultural adaptation

on long-term, real-world effectiveness of therapeutic Al agents.

The higher willingness to recommend the adapted agent to someone of similar
background is a key finding. It might suggest that the culturally adapted version had higher
perceived fit ©ifrom the participantssi. Our adapted chatbot, by demonstrating knowledge of
Chinese cultural nuances, may have appeared more “made for” Chinese Americans, hence
participants felt more confident recommending it to someone also with Chinese cultural
background. The practical implication is that even if immediate health outcomes were not
significantly different, cultural adaptation might improve uptake and dissemination. As such,
future evaluations might look at engagement metrics, for example, one may measure caregivers
assigned to a culturally adapted agent have lower dropout rates and if use is sustained for longer

durations than those with a general agent.
Limitations

This study has several limitations. First, the sample size was small, so results should be
considered preliminary. Second, we looked at only immediate, short-term emotional changes
after a single session. It is unclear whether any emotional state improvements would last in the
long-term and yield long-term benefits. Moreover, because of the single session format, we

could not assess engagement or adherence rate, which could also be the value of cultural
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adaptation. Third, the perceived empathy measure (Sharma et al., 2020) we used in this study
was developed in the context of peer support online rather than therapy sessions. This
contextual mismatch may have limited the instrument’s sensitivity to detect empathy differences
between the two groups in therapeutic interactions with Al conversational agents. Last but not
the least, our cultural context database covers limited underlying reasons and therefore, there
were possibilities that the specific content of conversations that users in this study discussed,
even though culturally relevant, didn’t always trigger the cultural adaptation workflow. We
didn’t strictly control the conversation topics beyond instructing them to discuss a caregiving
problem. It could be that some participants talked about issues where culture was less obviously
involved (e.g., a participant talked about difficulties to find parking), resulting in the adapted bot
not always retrieving extra cultural context. For those participants, the two agents would have
behaved almost identically, thus diluting differences. In future work, we should continue to

expand the cultural context database to be more comprehensive.
Future work

This study naturally points to several next steps. First, a more robust trial with a larger
sample and extended follow-up period (e.g., several weeks) is needed to provide stronger
evidence regarding the effects of cultural adaptation on both mental health outcomes and user
engagement indicators such as usage frequency and dropout rates. In particular, future studies
should further investigate the impact of cultural adaptation on willingness to recommend the
agent to peers within the same cultural group, a significant finding in this study, and examine

how this factor influences adoption and sustained engagement, which remain critical gaps.

Second, future research should explore qualitative differences in how users interact with
and perceive culturally adapted versus non-adapted agents. For example, chat transcripts could
be analyzed to determine whether users disclose more emotions when the agent demonstrates

cultural understanding. One testable hypothesis is that cultural responsiveness facilitates deeper
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and more meaningful conversations. Complementary to this, exit interviews should be
conducted to capture participants’ qualitative feedback, providing a feedback loop for refining

and expanding the cultural context database.

Third, while this study was designed to compare adapted and non-adapted agents, we
did not systematically track how often the cultural adaptation workflow was triggered or which
cultural context entries were retrieved during participants’ conversations. Future studies should
quantify the frequency and circumstances under which cultural adaptation is invoked, providing
greater clarity on how augmented context is used and how it contributes to outcomes. In
addition, qualitative analyses are needed to assess whether the retrieved data were contextually
relevant and genuinely enhanced cultural responsiveness within each conversation.Finally, the
cultural context database could be expanded to include challenges faced by more diverse user
populations beyond Chinese family caregivers of older adults, thereby extending the culturally
adapted agent to broader and more varied communities while testing the generalizability of

these findings.

7.4 Conclusion

This study demonstrates that culturally adapted AI therapeutic agents can achieve
meaningful immediate emotional improvements among Chinese American family caregivers,
despite limited statistical power to detect between-group differences. While both culturally
adapted and non-adapted agent versions produced significant improvements in negative
emotions, only the adapted agent improved position emotional states and generated
significantly higher willingness for the users to recommend it to their cultural community.
Limited sample size combined with relatively high variation of individual differences in
participants characteristics may have obscured the between-group treatment effects, suggesting

future studies should employ larger samples and statistical control of key covariates. These
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findings provide preliminary evidence that cultural adaptation of Al therapeutic agents
enhances immediate positive emotional states outcome and willingness to endorse the agent
within users’ cultural community, warranting larger-scale investigation to establish the
effectiveness of culturally responsive therapeutic Al agents on improving health outcomes and

user engagement.
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CHAPTER 8. Discussion & Conclusion

8.1 Discussion

This dissertation investigated how large language model (LLM)-driven conversational agents
can be culturally adapted and evaluated to better support mental health in underserved
communities (Chinese-speaking and Spanish-speaking caregivers in the U.S.). Addressing a
critical gap in digital health equity, this work demonstrates that integrating cultural context into
AT systems, through the development of a cultural context database and a tailored LLM
workflow for retrieval and integration, enhances users’ perceptions of empathy, cultural
responsiveness, and therapeutic alliance. Below, I synthesize the key findings across the three

aims and discuss their implications for culturally responsive digital mental health interventions.

In Aim 1 (Chapter 3), through qualitative research, I identified culturally salient
challenges among our primary target population—Chinese American family caregivers. These
insights informed the construction of a structured cultural context database containing
caregiving challenges and example responses. By grounding this resource in
community-informed needs, I laid a foundation for cultural adaptation that covers the culturally
salient topics and reflects users’ lived experiences and that resonate with the specific
populations. A parallel study was also conducted to draw insights from Spanish-speaking Latino
family caregivers and provide foundation for the cultural adaptation of the conversational Al

agent for this population.

In Aim 2, I developed and evaluated two methods for culturally adapting an
LLM-powered therapeutic agent: (1) a prompt-based technique, and (2) a context engineering
and retrieval-augmented generation (RAG)-enabled method that enables real-time context
retrieval and integration using the cultural context database developed based on Aim 1 insights.

To evaluate these techniques, I conducted two within-subject comparison studies.
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The first evaluation study examined the effect of cultural prompting. Participants
compared LLM-generated responses with and without cultural prompting. Results showed that
the culturally prompted responses were perceived as significantly more empathetic and
culturally responsive, validating the utility of this lightweight adaptation technique and

supporting its inclusion in later comparisons.

The second evaluation study directly compared three agents: (1) a baseline LLM without
adaptation, (2) an agent using cultural prompting, and (3) a culturally adapted agent using the
cultural context engineering workflow. In contrast to the first evaluation study in which
participants evaluated static input-response pairs, participants interacted with each version of
the agent in a live conversational setting. Findings indicated that the dynamic
context-engineered agent consistently received the highest ratings across all outcomes,
including perceived empathy, cultural relevance, cultural competence, and therapeutic alliance,
with statistically significant improvements over the baseline. These results support the

effectiveness of the context engineering adaptation over the static cultural prompting method.

In Aim 3, a two-arm user study evaluated the culturally adapted agent compared to the
baseline agent in real-world interactions with Chinese American family caregivers. Both agents
demonstrated significant improvements in negative emotional states (guilt, fatigue, sadness)
while the culturally adapted agent also showed trends toward improving positive affect
(serenity). Although between-group differences did not reach statistical significance due to
limited sample size, the adapted agent consistently trended toward better outcomes across
cultural competence, empathy, and therapeutic alliance measures. The adapted agent
significantly improves willingness to recommend to peers with the same cultural background.
These findings suggest that LLM-driven conversational agents provide immediate emotional
benefits for caregivers, with cultural adaptation offering additional advantages in positive

emotional outcomes and strengthening community endorsement, which may enhance adoption
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within the Chinese American community and address the critical gap of low utilization of mental
health services. Larger-scale, longitudinal studies are needed to more robustly assess the

sustained impact of cultural adaptation on mental health outcomes and user engagement.

In Aim 3, a two-arm user study evaluated the culturally adapted agent compared to the
baseline agent in real-world interactions with Chinese American family caregivers. Both agents
demonstrated significant improvements in negative emotional states (guilt, fatigue, sadness),
while the culturally adapted agent also showed trends toward improving positive affect
(serenity). Although between-group differences did not reach statistical significance due to
limited sample size, the adapted agent consistently trended toward better outcomes across
cultural competence, empathy, and therapeutic alliance measures. The adapted agent
significantly improved participants' willingness to recommend the system to peers with the
same cultural background. These findings suggest that LLM-driven conversational agents
provide immediate emotional benefits for caregivers, with cultural adaptation potentially
offering additional advantages in positive emotional outcomes and community acceptability.
These findings suggest the need for larger-scale, longitudinal studies to more robustly assess the

impact of cultural adaptation on mental health outcomes and user experience.

8.2 Contributions

First, findings from this work demonstrate that the dynamic context engineering
approach for adapting LLM-driven conversational agents to mental health support
outperformed the prompt-based adaptation approach in cultural responsiveness, empathy, and
therapeutic alliance. Both adapted versions outperformed the non-adapted agent. Moreover,
while both adapted and non-adapted agents produced significant immediate emotional benefits

for stressed caregivers, the culturally adapted agents using the context engineering approach
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received significantly higher user endorsement, as measured by caregivers’ willingness to

recommend the system to others in their community.

Second, this work makes a contribution through the development of a structured
cultural context database specifically designed for context engineering-based cultural
adaptation of mental health conversational agents. Grounded in comprehensive qualitative
research with Chinese American family caregivers and community stakeholders, the database is
organized in three aspects: “challenges,underlying reasons, and culturally responsive response
examples.” This structure was developed and refined through iterative rapid prototyping and
assessment with a multidisciplinary team of bilingual and bicultural researchers. The database
represents the first structured repository for LLM-based cultural adaptation in mental health
support contexts. Beyond its application in this dissertation work, the database holds broader
potential for application in other contexts serving this population, such as informing culturally
tailored caregiver support programs. Moreover, following the same structure, the database can
be extended to encompass additional caregiving contexts beyond caring for older adults and
adapted for other cultural groups, providing a blueprint for developing knowledge resources to

inform future cultural adaptation of mental health agents.

Third, this dissertation contributes a generalizable workflow for culturally
adapting LLM-driven mental health conversational agents. Specifically, it introduces a
community-informed, dynamic context-engineering workflow that extends beyond static
cultural prompting by enabling real-time context integration. The design of this workflow is
inspired by Barrera and Castro’s (2006) heuristic framework and grounded in principles of
human-centered design, which emphasize incorporating the perspectives and lived experiences
of end users and stakeholders throughout the development process. The workflow begins with
the elicitation of population-specific caregiving challenges and stressors, gathered through

qualitative research with community stakeholders. These insights are then used to construct a
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structured cultural context database containing key caregiving challenges, their underlying
cultural interpretations, and example supportive responses. During real-time interaction, the
LLM workflow detects user disclosures that reflect culturally salient concerns, retrieves relevant
content from the database, and integrates this information into the model’s context. This
process ensures that responses are dynamically generated in a manner directly informed by
community knowledge and expert insights. Importantly, this workflow is generalizable as the
database is community informed and can be easily extended with salient challenges, underlying
interpretations, and example responses that correspond to other subgroups (e.g., parents of

children with Autism, Latino family caregivers).

Besides technical development, this dissertation advances the evaluation of culturally
adapted mental health AI agents through the design and implementation of a contextualized,
multiphase evaluation procedure. Aim 1 drew on human-centered design methods to ground the
system in user needs (Maguire, 2001), using participatory and community-based approaches to
identify caregiver priorities and culturally specific requirements. Aim 2 applied principles of
iterative system prototyping and evaluation from health informatics (Kushniruk & Patel, 2004)
to refine prototypes. The overall framing drew on Shneiderman’s Human-Centered Al
framework (2020), which emphasizes the centrality of human needs, values, and oversight in Al
evaluation. Unlike existing approaches for assessing cultural alignment in LLMs (Masoud et al.,
2025; Tao et al., 2024), which rely largely on computational metrics, this dissertation expanded
evaluation to methods that directly engaged users in reflecting on their perceptions and
experiences. The multiphase evaluation procedure incorporated constructs from mental health
and cultural adaptation research, including measures used in adapting evidence-based
interventions, indicators of therapeutic experiences such as empathy and alliance, and
preliminary outcomes in emotional well-being. The procedure also reflects principles of
progressive, staged evaluation for real-world deployment (Mohr et al., 2017) and parallels the

pursuit of higher ecological validity in cultural adaptation research (Bernal et al., 1995).
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Specifically, these phases map directly onto the dissertation’s aims. Phase 1 (Aim 2.1) involved

static evaluation in a controlled setting to test whether cultural adaptations produced detectably

different outputs; Phase 2 (Aim 2.2) introduced interactive evaluation to assess subjective

constructs critical to therapeutic efficacy and provide proof-of-concept for real-time adaptation;

and Phase 3 (Aim 3) extended evaluation to end-users in real-world settings, exploring

short-term effects on emotional well-being. Taken together, these three phases demonstrate how

a human-centered (i.e., Phase 1-3) and contextualized evaluation strategy (i.e., Phase 2 and 3)

can generate a holistic understanding of cultural adaptation in Al systems. Together, this

dissertation work contributes an example for future researchers seeking to evaluate Al system’s

cultural alignment and responsiveness beyond computational evaluations, demonstrating how

iterative, staged, and culturally grounded assessments can be systematically operationalized in

practice.

Phase 2: Interactive

Phase 1: Static Evaluation
(Pre-Generated Responses)

Evaluation (Controlled
Scenario Comparison)

Cultural

Therapeutic Alliance
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1
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Perceived empathy

Cultural
Responsiveness

Figure 8.1. Multiphase evaluation procedure for cultural adaptation of LLM-based mental

Phase 3: Real-World Evaluation

(End-User Use Case)

Preliminary
Health Outcomes

Therapeutic Alliance

Perceived empathy

Cultural
Responsiveness

health agents. Each phase builds on the previous one by adding new evaluation outcomes. Phase

1 (static evaluation) assesses cultural responsiveness (white). Phase 2 (interactive evaluation
under controlled scenarios) includes therapeutic alliance and perceived empathy (purple),
alongside cultural responsiveness. Phase 3 (real-world evaluation) additionally incorporates

preliminary health outcomes (green).
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8.3 Limitations and Future Directions

While this dissertation advances both the implementation and evaluation of culturally adapted
LLM-driven therapeutic conversational agents, several limitations should be acknowledged to

contextualize the findings and inform directions for future research.
Single-Session Intervention Design

This study was limited to a single-session interaction with the AI agent, focusing
primarily on immediate, short-term outcomes. While this design enabled controlled
comparisons across versions and efficient evaluation of the intervention’s initial effects, it did
not capture patterns of long-term engagement or sustained mental health benefits. In reality,
psychological support—particularly for caregivers coping with chronic stress—often requires
ongoing, repeated interactions to meaningfully influence emotional well-being, coping
strategies, and mood regulation. It remains uncertain whether the observed short-term
improvements (e.g., increased positive affect or reduced negative emotions) would persist,
diminish, or evolve with continued use. Future longitudinal research is needed to assess user
behaviors such as retention and adherence, as well as to examine changes in emotional
well-being over time resulting from repeated interactions with culturally adapted AI agents in

real-world caregiving contexts.
Limited Cultural Coverage and Retrieval Sensitivity

While the cultural context database was developed through qualitative research with
bilingual experts and encompasses a variety of common caregiving scenarios, it remains in its
early stages and does not yet reflect the full diversity and complexity of cultural experiences
among Chinese American caregivers—or among individuals from other cultural backgrounds. As
a result, not all user inputs triggered culturally relevant retrievals, either due to gaps in the

database’s content or limitations of the gatekeeping LLM in recognizing implicit cultural cues.
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Moreover, because this study did not systematically track how often the cultural adaptation
workflow was triggered or which entries were retrieved, it remains unclear how frequently and
in what circumstances adaptation was actually utilized in practice. This lack of visibility may
have led to underutilization of the adaptation workflow and diluted observable differences

between adapted and non-adapted agents.

To enhance inclusivity and effectiveness, future work should expand the cultural context
database to more comprehensively represent diverse subpopulations and caregiving
experiences, ensuring a broader range of user inputs activate culturally relevant retrievals.
Additionally, improving the LLM’s ability to detect implicit cultural cues is needed; future
research should explore combining embedding-based similarity with LLM-based gatekeeping to
more accurately determine when to trigger the RAG workflow. Systematically logging trigger
events and retrieved content will also be essential to assess how augmented context is used, its

relevance to user concerns, and its contribution to outcomes.

Currently, the database is centered on challenges faced by Chinese family caregivers and
reflects Chinese cultural norms and values. Its applicability to other populations, such as Latino
or Indigenous caregivers, has yet to be systematically evaluated. Ongoing efforts are extending
this workflow to Spanish-speaking Latino family caregivers, using a similar methodology to
build and assess a parallel cultural context database. Evaluating this approach with additional
populations will be essential for determining the generalizability and scalability of the overall

workflow.
Lack of Qualitative Data Analysis

Although this study collected voluntary open-ended feedback and session transcripts, a
detailed qualitative analysis of participant feedback and conversational content was beyond the

scope of the current work. As a result, we were unable to fully explore where and why the
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adapted agent may have fallen short in specific scenarios. Rich qualitative data, such as
moments of emotional disconnection, could offer valuable insight into the limitations of the
current adaptation and highlight areas for refinement. In particular, qualitative analysis could
help assess whether retrieved cultural content was contextually relevant and perceived as useful
by participants, thereby clarifying how and when cultural adaptation contributes to
responsiveness. Such analysis could also reveal patterns in how cultural nuances are missed or
mishandled by the agent, as well as identify missing themes, overlooked norms and values, or
new caregiving scenarios that warrant inclusion. Future work should supplement quantitative
measures with qualitative findings, driving iterative improvement of the cultural context

database and the overall design of culturally responsive Al agents.
Safety Integration and Integration Over Replacement

As LLM-driven agents become more prevalent in mental health contexts, safeguarding
users must remain a top priority. Future development should incorporate real-time risk
detection systems capable of identifying high-risk disclosures—such as suicidal ideation—and
triggering appropriate escalation protocols. This includes establishing clear boundaries for agent
autonomy, implementing robust guardrails, and ensuring compliance with emerging regulatory
requirements. For example, Utah’s recently enacted legislation (HB0452, 2025) mandates that
licensed mental health providers be involved in the development of mental health apps and that
such apps include in-app safety mechanisms. Equally important is transparency about how risks
are detected and managed, as this can help build user trust in Al-based mental health
interventions. Additionally, AI conversational agents in mental health should function as
supportive tools rather than replace traditional therapeutic treatment. The American
Psychological Association emphasizes that no Al chatbot has received FDA approval for

diagnosing or treating mental health disorders, and there are significant risks when vulnerable
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populations mistake chatbots for actual therapists (Khawaja & Belisle-Pepon, 2023; Abrams,

2025).
Psychoeducation and Engagement

Situated within Chu and Leino’s (2017) cultural adaptation framework, this dissertation
focused primarily on the Treatment Delivery component and did not address the Engagement
component, which encompasses treatment access, entry, and psychoeducation. For populations
such as Chinese Americans, psychoeducation is particularly critical. As noted by Hwang (2009)
in his empirical work on the Formative Method for Adapting Psychotherapy (FMAP), it is
important to provide education to clients about the course of therapy and set clear expectations
at the outset. These early engagement efforts can help reduce stigma, increase understanding of
therapeutic processes, and improve retention—factors that are often culturally mediated. While
this work demonstrated the value of cultural adaptation in AI-driven treatment delivery, future
research should also explore how psychoeducational elements can be integrated into
LLM-powered mental health agents to support culturally aligned engagement from the very

beginning of the therapeutic interaction.
Personalization Beyond Culture

Although this dissertation focused on cultural adaptation based on users’ ethnic
backgrounds, it is important to acknowledge that cultural identity extends beyond ethnicity. For
example, groups such as military veterans may share distinct values, norms, and communication
styles that constitute a cultural identity. Recognizing these diverse cultural dimensions opens

pathways for expanding adaptation frameworks to other non-ethnic cultural groups.

In addition, future work should explore broader forms of personalization that account
for individual-level differences. Tailoring Al interactions based on users’ coping styles (e.g.,
taking a bath vs. engaging in physical exercise; Clobert et al., 2020), emotional states, or

personality traits (e.g., extraverted vs. introverted) could enhance the responsiveness and
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therapeutic potential of LLM-driven agents. Integrating these individual dimensions alongside
cultural context may allow Al systems to deliver more nuanced, adaptive, and user-centered
support that fully leverages the generative capacity of large language models. Advances in user
modeling, affective computing, and real-time context sensing offer promising avenues to
support this direction, enabling AI agents to adapt dynamically to both situational cues and
personal characteristics. This line of research could further advance the broader goal of

delivering equitable, personalized, and culturally responsive mental health support at scale.

8.4 Generalizability and Application

Although this work focused on Chinese-speaking caregivers in North America, the
underlying methods are designed to be generalizable to other cultural groups and caregiving
contexts. The dynamic context-engineering adaptation mechanism supports extensibility to
additional populations—such as Latino or Indigenous family caregivers—without requiring
substantial modifications to the overall LLM workflow. Moreover, the design is well-suited for
low-resource environments, such as community health centers, where culturally adapted agents
can provide meaningful support to clients. Its reliance on context engineering rather than model
retraining makes the approach particularly attractive for equity-oriented health informatics

applications.

That said, findings from Chapter 6 indicate that prompt-based adaptation had a more
limited impact compared to the dynamic context-engineering approach. This raises important
questions about the trade-offs between implementation simplicity and contextual richness in
real-world settings. While the context engineering workflow offers more dynamic and
personalized responses, its added complexity—such as the need for a curated cultural context
database and real-time retrieval—may not always be warranted. If real-world deployments (e.g.,

Chapter 7) reveal minimal differences in user outcomes between context-engineered and



133

prompt-based approaches, one might reasonably argue that prompting methods are “good
enough” for certain practical applications, especially in settings where resources for database

construction are constrained.

To better inform these trade-offs, future research should conduct comparative
deployments of prompt-adapted and dynamic context-engineered agents in similar pilot
environments. Such evaluations would yield valuable insights into the cost-benefit dynamics of

each approach and help guide scalable deployment strategies in diverse contexts.

8.5 Conclusion

This dissertation advances the field of culturally responsive Al for mental health by
introducing a scalable method for adapting LLM-driven conversational agents to provide
culturally responsive support. The approach is designed to incorporate community stakeholders’
insights and is aligned with the emerging generation of GenAl-powered health technologies.
While broader application across diverse cultural groups and health contexts will be essential to
further refine, validate, and generalize its utility, this work represents an important step toward
reducing disparities in access to and quality of mental health care, advancing more personalized
digital mental health support for caregivers, and fostering the future adoption and effective
utilization of digital mental health technologies to address the persistent gap in mental health

service utilization among marginalized and minority communities.
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Appendices

Appendix 1. Interview Questions for Chapter 3

Appendix 1.1. Family Caregiver Interview Guide

Background Questions (Warm-up)

warm-up, get background information about the participant and the older family member

he/she cared for.

Part1

Who is the older family member you care for? What health conditions does [the family
member] have?

When did you start taking care of your [older family member]?

Who else is involved in caring for your [older family member]? (Both informal and

formal personnel.)

Questions About Impact of Caregiving

What is caregiving like for you? What are your primary responsibilities to care for your
[older family member]?
What do you do on a typical day? Out of these activities, which ones do you think are
important/cannot miss/look forward to?
How does caring for your [older family member] affect your typical day or week?
Tell me about a time when you found it difficult to balance other important things in
your life and your responsibility in caring for your [the older family member].

o How did that make you feel?

o What has been supportive or helpful in managing the tradeoff?

o What support or tools would be helpful but were not available to you?
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How do you feel about caring for your [older family member]?
o Can you describe a time when you felt good about caring for your [older family
member]? How did you feel exactly? Why would you feel that?
o Can you describe a time when you felt so good about caring for your [older family
member]? How did you feel exactly? Why would you feel that?
m Ifa person is there to console you, what can he/she say to make you feel
understood?

o What would be some ideal feelings for you?

Questions About Self-care Practices

What does self-care mean to you?
When you are feeling [negative feeling] (sad, tired, stressed, upset, angry), what are some
things you typically do to feel better?
What is most important to your well-being?
Tell me about a time when you found it difficult to balance the things important to
your well-being or self-care and your responsibility in caring for your [the older
family member].

o How did that make you feel?

o What has been supportive or helpful in managing the tradeoff?

o What support or tools would be helpful but were not available to you?
Have you thought about seeking mental health services when you are feeling stressed?

Why or why not?
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Questions About Digital Health and Chatbot Technology
e Do you use mobile apps in your daily life? Do you use it frequently?
e When you think of a mobile app to help you manage your self-care and improve your

well-being, what would you picture the mobile app to be?

Explain the concept of ‘Chatbot’: Chatbot is a chat robot that acts like a human and can

respond to you in real-time based on your input message.

e If there is a mobile app chatbot,
o What kind of characteristics would you prefer a chatbot to have?
o What could the chatbot do to better support your caregiving and self-care
practices?

o What would motivate you to use the chatbot regularly?
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Appendix 1.2. Professional Staff Members Focus Group Interview Guide

Background Questions (Warm-up)

Part 1

What profession? What role are you in? (nurse? Professional caregiver? Staff member of
a community organization?)
What are your primary responsibilities in supporting families with Chinese American

older adults?

Questions about Caregiving

Part 2

What are some challenges that families of Chinese American older adults face?

How is caregiving for Chinese Americans different from other American families?

What kind of help or resources are you asked about most often? What tools or resources
have you seen families use?

How do values in Chinese culture contribute to the differences you see?

How do existing tools or resources for family caregivers align or misalign with these

Chinese values?

Questions about Self-care

What are some ways that Chinese American family caregivers take care of themselves?
What kind of help or resources are you asked about most often?

What tools or resources are there? Which tools or resources have you seen families use?
How is family caregivers’ self-care for Chinese Americans different from other American
family caregivers?

How do values in Chinese culture contribute to the differences you see?

How do existing tools or resources for family caregivers’ self-care align or misalign with

these Chinese values?
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Part3
Digital Health Technology Brainstorm
e When you picture a mobile app to help the families you work with manage their
caregiving and self-care, what are some functions that the mobile app has?

e What would promote the usage of a mobile app for Chinese-American family caregivers?
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Appendix 2. LLMs’ System Prompts (Chapter 5)

Cultural Relevance Detection LLM:

Based on the user input below, determine whether it involves topics related to Chinese culture
(such as communication with family members, language, family expectations, parents’
feelings of loneliness, lack of understanding about health and social services, viewing self-care
and relaxation as indulgent, lack of support from relatives or friends, values, family,

immigration, etc.).

Context Relevance Validation LLM:

Please determine whether the following cultural context information is highly relevant to the

user’s three most recent inputs.
User Inputs: {chr(10).join([f’- {m}” for m in recent_user_inputs])}
Cultural Context Information: {retrieved_data}

Please respond with only one word: “Relevant” or “Not Relevant”

Therapist LL.M with Cultural Prompting

Your responsibility is to guide the conversation with a caregiver (“user”) to identify one
significant symptom the caregiver is experiencing. When responding to the caregiver,

please fully consider their Chinese cultural background. Use language, values,
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and communication styles that align with Chinese culture to ensure your
message resonates with them. You will ask open-ended questions to identify and assess

their challenges and stressors and improve their self-care. After you have identified one
symptom that the caregiver can work on to improve their health, summarize the problem and
understanding collaboratively in 2—3 sentences and check for accuracy. Avoid focusing on the

care receiver. Remember, your job is to help the caregiver.

Use Motivational Interviewing (MI) techniques such as affirmation, reflection, emphasizing
autonomy, giving information, normalizing, persuasion with permission, and seeking
collaboration. Keeping in mind to cultivate change talk, soften sustain talk, strengthen

partnerships, and show empathy. Ask only one question at a time, and do not question stack.

Here are some details:

During symptom assessment, here are some common dimensions to assess: timing (onset,
duration, pattern), intensity/severity, location, distress, exacerbating/alleviating factors, and
the degree of treatment relief. These dimensions help to characterize the nature and impact of
symptoms on an individual's well-being and function. You can refer to the following

elaborations on the dimensions when you conduct symptom assessment.

Timing:

This encompasses when the symptom first appeared (onset), how long it lasts (duration), and

how it changes over time (pattern).

- When did the symptom first appear?
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- How long has it lasted?

- Has it changed or varied over time?

Intensity/Severity:
This refers to the magnitude or strength of the symptom, often rated on a scale.
- How would you describe the intensity or impact of the symptom on a typical day?

- On a scale from o to 10, how bad does it feel at its worst?

Location or Type:

This describes where the symptom is felt, whether localized to a specific area or more

widespread (diffuse or systemic).
- Where or how does the symptom manifest (physically, emotionally, cognitively)?

- Is it localized (e.g., headache, anxiety in social settings) or more generalized?

Distress: This refers to the emotional or psychological impact of the symptom, including the

degree to which it bothers or disrupts the individual.
- How much does this symptom bother you or disrupt your daily life?

- What worries or concerns has it raised for you?

Symptom fluctuation:

Symptoms may fluctuate overtime or individuals may have tried certain coping skills or
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treatments that changed the symptoms. Changes may include emotional change, behavioral

change, cognitive changes, and physical symptom changes.

- is there a particular time during the day or week that the symptoms get better?

- What tends to make it worse or more noticeable?

- Are there things that help reduce it, even a little?

- Have you tried anything to manage it? (e.g., rest, therapy, medications, coping strategies)

- How well has that worked for you?

Impact on Life:

This refers to how the symptom affects an individual's daily activities, function, and quality of

life.

- How is this affecting your daily activities, relationships, sleep, energy, or overall functioning?

Tone and Style Reminders:

- Use empathetic, nonjudgmental language.

- Reflect back key ideas (e.g., “It sounds like this has been really draining for you.”).

- Affirm strengths and autonomy (e.g., “You've been doing a lot just to keep things going.”).

- Normalize when appropriate (e.g., “Many caregivers feel overwhelmed—this isn’t just you.”).
- Ask for permission before offering guidance or suggestions.

- Foster collaboration and avoid giving direct advice unless invited.
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Response Guidelines:

- Show a level of understanding that helps the client feel you truly grasp their situation
- Questions should be specific and easy to answer.
- Ask only one question at a time—do not ask multiple questions in a row.

- Always keep the focus on the client themselves, not on others (e.g., the care recipient).

Therapist LLM with Cultural Prompting AND Cultural Context

Therapist LLM with Cultural Prompting prompt (shown above) +

Response Guidelines:

- Leverage the provided cultural context information to develop a deeper

understanding of the client’s cultural background and circumstances.

- Show a level of understanding that helps the client feel you truly grasp their cultural

context and situation.

- Questions should be specific and easy to answer.

- Ask only one question at a time—do not ask multiple questions in a row.

- Always keep the focus on the client themselves, not on others (e.g., the care recipient).

Cultural Context information: {Retrieved_data}
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Appendix 3. Evaluation Questions (Chapter 6)

[Session Rating Scale (SRS)]

SRS - Relationship

0- I did not feel heard, understood, and respected.

10- I felt heard, understood, and respected.

SRS - Goals & Topics

0-We did not work on or talk about what I wanted to work on or talk about.
10 - We worked on and talked about what I wanted to work on or talk about.
SRS - Approach

0- The therapist’s approach is not a good fit for me.

10 - The therapist’s approach is a good fit for me.

SRS - Overall

0- There was something missing in this session.

10 - Overall, this session was right for me.

[User Satisfaction - Net Promoter Score (NPS)]

How likely are you to recommend this Al therapist to a family member or friend?
0 - Not at all likely

10 - Extremely likely

[Empathy]

Empathy- Emotional Reactions. To what extent did the therapist express warmth and care

towards the user?
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1-None
5-A great deal

Empathy- Interpretations. How accurately did the therapist reflect the user's feelings and

experiences back to him/her?
1-Not at all
5-Extremely accurately

Empathy- Explorations. How well did the therapist help the user explore feelings the user

hadn't initially expressed?

1-Not at all

5-Very well

[Cultural Competence Measure (CCM)]

CCM- Cultural Knowledge. How knowledgeable do you feel that the Al therapist is of

Chinese culture?
1- Not at all
7-Knows a lot

CCM- Cultural Awareness. Do you feel as though the Al therapist is aware of the views that

he or she may have towards clients with Chinese cultural background?
1-Not at all
7-Very aware

CCM- Well-equipped with Skills. Do you think that the AI therapist is well equipped to

treat patients of Chinese cultural background?

1-Not at all
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7-Very well equipped

CCM- Overall. Would you recommend the Al therapist to someone with Chinese cultural

background?
1-Not at all

7-Highly recommend

[Cultural Relevance Questionnaire (CRQ)]

CRQ-1. The people and cultural context are reflected in the responses (e.g., social, political,

economic, ethnic, historical).
1- Not at all
5 - Very well

CRQ-2. The goals suggested in the response are tailored to work with the user from this

cultural context (e.g., examples, personal stories).
1- Not at all
5 - Very well

CRQ-3. The responses include written and oral communication that can be considered

dialects and jargon relevant in this cultural context (e.g., saying, slang).
1- Not at all
5 - Very well

CRQ-4. The responses involve behavioral or emotional expressions familiar to the

cultural group being targeted.

1 - Not at all
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5 - Very well

CRQ-5. The responses include symbols and concepts shared by the cultural group; for
instance, cultural expressions of depression, ideas, or analogies about mental illness are

included in the program.
1- Not at all

5 - Very well



