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Abstract
Caring for a child with cancer involves navigating through complex
medical information, often delivered through lengthy handbooks
and consultations with healthcare providers. Overnight, parents are
expected to become an expert on a domain which they knew noth-
ing about. Conversational UIs, powered by Large Language Models
(LLMs) and validated information sources, could play a key role in
supporting caregivers. In this paper, we investigate the usability,
acceptance, and perceived utility of an LLM-based conversational
AI tool for pediatric cancer caregiving, grounded in the Children’s
Oncology Group Family Handbook–the leading resource in pe-
diatric oncology care. We employed a mixed-methods approach,
interviewing and surveying 12 caregivers as they engaged with a
functional prototype. We offer insights into caregiver’s needs and
expectations from AI-driven tools, and design guidelines for devel-
oping safer, more personalized, and supportive AI interventions for
pediatric cancer care.
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1 Introduction
The diagnosis of pediatric cancer profoundly alters the lives of fami-
lies, thrusting parents into roles as caregivers tasked with managing
complex medical jargon, making critical decisions, and providing
emotional support. To support these overwhelmed caregivers, the
Children’s Oncology Group (COG) developed expert consensus
recommendations emphasizing standardized yet accessible infor-
mation delivery[28]. The COG family handbook implements these
recommendations by providing carefully structured information for
parents of children diagnosed with cancer, balancing the need for
consistent content delivery while accommodating different parental
learning styles when sharing details about treatment options, sup-
port services, and follow-up care[12]. While comprehensive, the
COG Family Handbook and similar dense resources can overwhelm
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caregivers who are already dealing with significant emotional strain.
Furthermore, caregivers may have questions and seek education
beyond the hospital, using their own devices and on their own
terms.

LLM powered conversational AI, presents a significant oppor-
tunity to address caregiver challenges by seamlessly integrating
with healthcare systems and evolving alongside caregiver’s needs.
Unlike static resources, conversational AI tools can dynamically
adapt to the shifting priorities of caregivers, from providing pre-
cise medical guidance during the initial diagnosis and treatment
phases to offering long-term support for emotional well-being and
follow-up care. These tools can transform the caregiving experi-
ence by delivering timely, tailored, and easily digestible information,
reducing the burden of information overload, and enhancing care-
giver’s ability to support their child effectively. Advancements in
conversational AI, particularly those driven by LLMs, offer a new
way to deliver timely, contextualized information to caregivers.
Retrieval-Augmented Generation (RAG) frameworks, for instance,
ensure that conversational agents provide responses grounded in
reliable, domain-specific sources, mitigating common issues like
hallucination and misinformation[38].

In this paper we ask:How do caregivers of children with can-
cer perceive the usability, acceptability, and effectiveness of
a conversational AI support tool in meeting their caregiving
needs? To answer this question, we developed a prototype con-
versational agent, and asked caregivers of children with cancer to
interact with it during a live interview. Through a mixed-methods
approach that combines surveys and in-depth interviews, we ex-
amine how conversational AI can adapt to a caregiver’s evolving
needs and enhance their caregiving experience across all phases of
the cancer journey.

2 Related Work
2.1 Large Language Models in Health and HCI
Recent advances in large language models (LLMs) have positioned
them as revolutionary technologies impacting multiple sectors [36],
with their potential applications in healthcare standing out as espe-
cially significant [15, 27]. While various promising applications and
potential use cases have been identified [14, 45], including clinical
workflow [11, 17, 18, 37, 42]and health management [2, 9, 24], the
rapid adoption of these technologies, particularly conversational
AI tools in patient communication and education [29, 41, 47, 51],
has begun to reshape various aspects of healthcare delivery and
management. In particular, LLMs can be organized into interactive
chains to facilitate complex patient interactions [1], where conver-
sational agents equipped with advanced LLM functionalities are
increasingly being deployed to enhance patient interactions, en-
abling more effective information gathering through context-aware
questioning and providing timely responses to medical inquiries,
ultimately contributing to improved patient outcomes and health-
care accessibility[47]. Despite GPT’s demonstrated capabilities in
medical contexts, its fundamental limitations in clinical reasoning,
the tendency to provide incorrect care recommendations, and un-
certain reliability due to limited medical training data have been
highlighted[6, 13]. Likewise, the integration challenges identified by
Jiang (2024), particularly around trustworthiness, interpretability,

and the potential for false outputs in healthcare LLMs, underscore
the critical importance of understanding how patients interact with
and develop trust in these AI systems [22]. While general-purpose
LLMs have shown promise as information-seeking tools for pe-
diatric cancer, these approaches lack personalization and verified
data sources [40]. As a result, researchers have developed the Re-
trieval Augmented Generation (RAG) method, which enhances
LLM accuracy by combining generative capabilities with precise
information retrieval from verified databases[33]. As demonstrated
in studies by Kamalloo et al. (2024), this approach strengthens
Question-Answering (QA) systems by grounding responses in au-
thoritative sources rather than relying solely on pretrained knowl-
edge, effectively reducing hallucinations and improving factual
precision [25], particularly crucial in healthcare applications where
accuracy of information is vital [23].

Within the field of Human-Computer Interaction (HCI), researchers
actively explore how specific conversational capabilities, such as
natural language understanding, contextual memory, and adaptive
response generation, enable AI-driven agents to foster trust and
engagement through personalized interactions and consistent dia-
logue patterns [4]. Indeed, the empirical methods of HCI research
create a synergistic relationship where HCI principles guide the
development of more intuitive and user-friendly LLM interfaces,
while LLMs enhance HCI by enabling more natural and adaptive
human-computer dialogues. Empirical evidence demonstrates that
innovations in adaptive interface design and natural language pro-
cessing have led to measurable improvements in both user engage-
ment metrics and contextual appropriateness of system responses
[8, 44], ultimately enhancing human-AI interaction. Likewise, Xu
et al. (2024) reveal that LLM-based conversational agents not only
demonstrate higher user satisfaction and lower cognitive load com-
pared to traditional messaging apps with human consultants but
also facilitate more nuanced interactions by understanding subtle
contextual cues, ultimately leading to a more seamless and engag-
ing user experience [50]. Calisto et al. showed that assertiveness
may play a role in user acceptance for agent-based communications
[7]. Moreover, studies consistently demonstrate that user accep-
tance and engagement significantly improve when systems provide
personalized responses tailored to individual user characteristics
and preferences, with personalized interfaces showing a marked
positive impact on both user satisfaction metrics and long-term
system adoption rates[5, 46, 52]. The recent work by Luetke Lanfer
et al. further explores this dynamic, specifically examining how
digital clinical empathy can be effectively implemented in health-
care chatbots, emphasizing the need for balanced, authentic, and
timely responses while maintaining professional standards [31].
However, the relationship between user expectations and actual
system capabilities remains a critical area of focus, as significant
disparities between user expectations and system performance, par-
ticularly regarding machine intelligence and capability [32] - a gap
in understanding that has important implications for system design
and implementation, especially in healthcare settings where trust
and reliability are essential.
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2.2 Cancer Care and LLMs: Challenges and
Current Limitations

LLMs have shown potential in cancer care[10, 16, 26]. However, sig-
nificant challenges persist in applying LLMs to cancer care, partic-
ularly in specialized domains like pediatric oncology [40]. Current
implementations face notable limitations in domain-specific onco-
logical knowledge and require substantial computational resources,
which hinders their practical deployment in clinical settings[30].
The current research domain shows insufficient studies specifi-
cally focused on LLMs in oncology, with an even greater gap in
childhood cancer applications where treatment protocols are dis-
tinctly different from adult care[30, 48]. Moreover, technical hur-
dles persist in seamlessly incorporating these systems into existing
healthcare infrastructure, including issues with interoperability,
data standardization, real-time decision support capabilities, data
obsolescence[20]in rapidly advancing fields like cancer research,
lack of access to training data for validation [3], significant error
rates in medical recommendations, and the need for continuous
monitoring of model behavior changes over time[21]. Indeed, the
intricate nature of cancer care requires LLMs to process and inter-
pret vast amounts of medical literature, clinical trials, and patient
data while maintaining accuracy and reliability in their recommen-
dations, especially when dealing with the nuanced requirements of
pediatric cases.

In HCI, the potential of LLMs for cancer caregiving has not
yet been sufficiently explored explored interactive tools for pedi-
atric oncology caregivers, demonstrating technology’s potential
to address current challenges in information delivery and emo-
tional support provision[35, 39, 43]. Their work highlighted how
caregivers often struggle with accessing and processing complex
medical information at different treatment stages, necessitating
targeted assessment of information needs. This aligns with our
findings on conversational AI’s multifaceted role in supporting
caregivers, particularly in providing phase-appropriate emotional
and informational support. In the pediatric oncology context, Hile
et al. (2014) demonstrated that parental stress significantly predicts
functional outcomes in pediatric cancer survivors [19], emphasizing
the critical need for comprehensive caregiver support systems that
address both informational and emotional requirements throughout
the care trajectory.

3 Methods
In this study, we followed a mixed-methods approach, incorporat-
ing both qualitative interviews and surveys to gather insights into
caregiver experiences and their interactions with the conversational
AI support agent. We interviewed a total of 12 caregivers of chil-
dren with cancer using a functional prototype of the conversational
agent designed to surface content drawn from the COG Family
Handbook. Study sessions took the form of an interview, during
which participants interacted with the prototype. Participants be-
gan by sharing their experiences with their child’s diagnosis and
treatment, as well as their familiarity with the COG Family Hand-
book. Interviews were conducted remotely using platforms like
Zoom and Microsoft Teams. The moderator facilitated each session,
encouraging participants to think aloud as they interacted with

the AI tool. Our study was approved by the Indiana University
Institutional Review Board.

In the interviews, participants interacted with the AI tool by
asking questions relevant to different stages of the caregiving jour-
ney—diagnosis, hospitalization, and post-hospitalization—to ex-
plore and address the varying needs of caregivers across cancer
journey stages [34]. Before using the prototype, participants com-
pleted a pre-interview survey that evaluated caregiver’s perception
of AI tools, specifically regarding their potential to provide infor-
mational support during caregiving. The survey items assessed
factors such as perceived usefulness, trust, and ease of use, helping
to gauge caregiver’s readiness for adopting such tools and their
initial attitudes toward AI in healthcare.

The post-interview survey evaluated participant satisfaction
with the AI agent and its usefulness in their caregiving context.
Drawing from factors identified in Wutz et al.’s (2023) compre-
hensive thematic framework[49], participants answered the survey
with 16 Likert-scale statements evaluating the tool’s key acceptance
factors, including usability, trustworthiness, emotional support, per-
ceived empathy, reliability, and relevance to caregiving tasks. They
were also asked about the tool’s potential impact on their caregiv-
ing routine and how it could be improved. Questions addressed
the AI’s perceived empathy, reliability, and relevance to caregiving
tasks.

We analyzed the findings through both qualitative approaches
and quantitative metrics. The interview questions were developed
based on key acceptance factors including ease of use, trust, emo-
tional impact, and social influence[49]. The qualitative data from
the interviews were transcribed and analyzed thematically. This
analysis focused on identifying recurring patterns in caregiver’s
feedback about the conversational AI tool and understanding their
perspectives on its utility at different stages of caregiving. For the
quantitative data, the responses from the pre and post-interview
surveys were analyzed using descriptive statistics.

Figure 1: The conversational agent

3.1 System Design
We designed an LLM-supported conversational agent integrated
with the COG Family Handbook. The agent uses GPT4.0 soft-
prompted with training instances within system instructions. The
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Table 1: Demographics of study participants

ID Age Race/Ethnicity Relationship to Child Child Age Diagnosis
P1 40 White Father 1 Pleuropulmonary blastoma
P2 47 White Mother 4 ALL
P3 36 African American Mother 1 Neuroblastoma
P4 54 African American Mother 13 Non-Hodgkin lymphoma
P5 45 African American Mother 15 Hodgkin lymphoma
P6 19 African American Legal Guardian 1 Central Nervous System
P7 45 White Father 3 ALL
P8 51 White Father 8 ALL
P9 37 Spanish Mother 7 ALL
P10 33 African American Mother 8 Other
P11 45 White Mother 18 Non-Hodgkin lymphoma
P12 50 White Mother 7 ALL
Note: ALL = Acute Lymphoblastic Leukemia

Children’s Oncology Group Family Handbook was first prepro-
cessed by extracting text and its contextual metadata (page head-
ings, links). These entries were then converted into embeddings via
OpenAI’s API and indexed by Chroma, an open-source AI applica-
tion database. The vector database was configured to retrieve 20
chunks of the most relevant text and use the 5 most useful chunks
measured by a Maximum Marginal Relevance metric. This MMR
metric is optimized to return similar documents which are also
diverse from each other to ensure the retrieval is comprehensive
enough to answer the user query and diverse enough to reduce
redundancy or repeated information. The agent used a LangChain
component to orchestrate the retrieval and generation process, with
real-time streaming to deliver empathetic, context-rich responses
that reflect the content of the handbook. The agent was given an
instruction prompt to act as a cancer caregiver assistant and answer
user questions from the Oncology Group Handbook.

An initial prototype was tested on a small group of internal
users using the cognitive walk-through method. The users were
given the background of caregiver with a child undergoing cancer
treatment and were provided a task list to ask questions regarding
the treatment of their child, evaluate usability, trust and accuracy of
answers retrieved. The main feedback received was regarding the
answer structure, the validity of the answers provided and tone of
the agent. The enhancements made included changing the system
instruction to provide clear, point-wise responses, ensuring users
could quickly identify critical information. A citation referencing
mechanism was incorporated in the prompt to instruct the agent
to incorporate links to the original sources including page number,
heading, and text. An internal usability check was tested using a
chain of verification method. Lastly the agent was instructed to be
more empathetic and cite when it didn’t have an answer present in
the handbook.

4 Findings
Overall, participants trusted the conversational AI tool but ex-
pressed concerns about its limitations, particularly in personaliza-
tion, integration with healthcare systems, and privacy safeguards.

4.1 Trust and Credibility
Participants widely trusted the conversational agent, attributing
its reliability to the use of validated sources like the Children’s
Oncology Group Handbook. P2 noted, “No, I mean not the way
this is written, ’cause this... seems to be just taken directly out of a
handbook that’s already been approved. So I wouldn’t feel nervous
about using this.” This sentiment was echoed by P8, who described
the agent as having a natural flow akin to interacting with a nurse:
“It felt trustworthy because it had a good flow to it, a natural flow.
Not like you were talking on a computer.” P2 also affirmed trust
in the agent’s ability to handle sensitive information, expressing
confidence in its security measures to upload her child’s medical
records. Survey data reinforced this perception of trustworthiness.
In the pre-survey, 58% of participants strongly agreed that they
trusted the conversational agent to provide accurate and reliable
health information, and 67% expressed confidence in the technology
behind the agent. After using the tool, trust increased, with 67%
of participants strongly agreeing that the agent was accurate and
reliable. The rise in confidence from pre- to post-survey indicates
that direct interaction with the tool reinforced its credibility.

4.2 Empathy vs Practical Approach
Caregivers expressed mixed opinions on the balance between em-
pathy and practicality in the agent’s responses. Some, like P10,
appreciated the agent’s neutrality, noting that it “feels like a neutral
person” and “doesn’t make you feel stupid like some doctors do.”
She suggested that adding empathy—such as saying, “I’m sorry
your child has this diagnosis”—could help certain users feel more
supported. However, few participants found empathetic tones less
meaningful, P9 stated, “How do you really make an AI empathetic,
though? You can’t. You can say ’I’m sorry to hear that,’ but you
get told that enough... I would rather it just be factual.” For her,
straightforward, actionable advice was more valuable than emo-
tional reassurance. In contrast, P5 praised the agent’s warmth, de-
scribing the responses as “very soft, kind, warm, almost apologetic,
and extremely empathetic... It was nothing but human qualities
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throughout the entire exchange that went on in our conversations”
The survey results reflected this split perspective. 50% of the par-
ticipants expressed a strong preference for AI agents that exhibit
human-like behaviors, such as empathy or humor, indicating that
these qualities could enhance their likelihood of using the agent.
However, a quarter of the respondents were neutral or disagreed,
underscoring that emotional relatability is not universally desired.
This divide was further evident in the interview data, where 7/12
caregivers valued actionable, factual advice, while others found
emotional reassurance through empathy more beneficial.

4.3 Personalization Needs
Participants consistently emphasized the importance of personal-
ization in a conversational agent designed for caregiving. While
customization options like tone, gender, or voice were seen as ben-
eficial, they were considered secondary to the need for personaliza-
tion. Caregivers wanted responses tailored to specific details such
as the child’s age, type of cancer, and treatment stage. P7 noted,
“If it could tailor responses based on the specific type of cancer or
patient details, that would improve its usefulness” (50:16). Similarly,
P5 shared, “I would like for this agent to be able to speak specific
to specific types of cancer instead of just giving the overviews for
cancer.” This reflects a shared desire for nuanced and context-aware
guidance rather than generic advice. However, caregivers like P1
expressed frustration with the lack of depth, comparing the experi-
ence to a basic online search: “I was just basically doing a little bit
more fancier Google search and then at that point I probably just
go to Google and type my question.”

Furthermore, pre-survey findings showed strong interest in per-
sonalized support, with 8/12 participants strongly agreeing and 4/12
somewhat agreeing that they would use the agent for health-related
inquiries specific to their family’s situation. Addressing this need
for personalization is essential to enhance the tool’s relevance and
usability.

4.4 Role of the tool- Support agent
The healthcare conversational agent was majorly regarded as a sup-
plementary resource for low-stakes caregiving tasks, particularly
during moments when caregivers lacked immediate access to medi-
cal professionals. Participants emphasized its role as a collaborator
in decision-making, helping organize and clarify information rather
than replacing human experts. For instance, P10 shared, "It feels
like a friend explaining things to me... It could be a very big partner,
especially at the beginning and throughout phase one and two. It
gives parents and caregivers the opportunity to ask questions when
they don’t get enough time with doctors." Similarly, P5 noted, “I
really felt like I had a nurse or a doctor or a medical specialist sitting
on the other end of the computer answering my questions.” Despite
its collaborative nature, many participants highlighted the need
for deeper integration with healthcare systems to provide specific
recommendations and ensure it becomes a trusted partner through-
out the caregiving journey. The survey findings revealed that 9/12
participants trusted the tool to enhance their caregiving ability, but
privacy concerns and perceived limitations in its capabilities during
post-treatment phases persisted.

4.5 Ease of Use
Participants found the conversational agent easy to use, with a
simple and intuitive interface that catered to a wide range of tech-
nical proficiencies. Survey results indicated that 12/12 participants
strongly agreed the tool was straightforward to navigate and re-
quired minimal effort to learn. P10 elaborated, "It’s really, really
easy to type a question in and hit enter and wait a second for it
to pop up on the screen... It’s so simple that anybody can use it.
Even children with older siblings who have questions could use
it." While the tool’s simplicity was universally appreciated, partic-
ipants suggested additional features like voice-based interaction
and bulleted responses to further streamline information delivery
and enhance accessibility. These recommendations underscore the
participants’ desire for tools that minimize cognitive load during
already overwhelming caregiving tasks.

5 Discussion
From the early moments of diagnosis to the complex terrain of
treatment, participants viewed the conversational AI as a tool or
a collaborator rather than a substitute for human expertise. It
was often described as a "friend" or "partner," capable of organizing
and clarifying information during moments of overwhelming un-
certainty. One participant likened it to a trusted guide during the
bewildering early days of diagnosis, when every question feels like
a matter of life and death. Yet, the tool’s limitations were equally
apparent. Caregivers emphasized that it could never replace the nu-
anced, context-sensitive insights of healthcare professionals. Rather
than positioning it as an oracle of caregiving wisdom, they saw
it as a supplementary resource—one that could offer guidance in
low-stakes scenarios or fill the gaps when medical professionals
were unavailable. This reinforces the need to design AI tools with
a clear understanding of their supporting role in the caregiving
process.

The utility of the conversational agent varied dramatically across
the caregiving timeline. During the chaotic early diagnosis phase,
the tool’s ability to provide quick, reliable information was seen
as invaluable. For caregivers, this phase is marked by a desperate
search for answers amidst a torrent of fear and confusion. Partici-
pants spoke poignantly of how an AI-driven tool could have offered
clarity and calm in those critical first weeks. During treatment, the
focus shifted from information overload to logistical challenges.
Caregivers highlighted the tool’s potential to help manage appoint-
ments, medication schedules, and procedural reminders. One par-
ticipant described how it could have been a "lifesaver" by simply
organizing caregiving tasks in a single accessible place. However,
post-treatment, the tool’s relevance waned. Experienced caregivers,
having developed their own trusted networks and routines, found
the tool less impactful. This highlights a design challenge: how can
such tools adapt to remain relevant during the long, evolv-
ing trajectory of caregiving? Incorporating features tailored to
survivorship care or long-term follow-up could sustain their value
beyond the acute phases of treatment.

Caregiver’s perceptions of the tool’s tone revealed a fascinating
duality. Some found its neutral and factual responses refreshing,
especially when compared to the emotionally charged interactions
they often experienced in person. As one participant put it, “It
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doesn’t make you feel stupid like some doctors do.” For these users,
clear, actionable advice took precedence over emotional support.
Others, however, longed for a touch of empathy. They wanted the
tool to acknowledge the emotional gravity of their situation with
phrases like, “I’m sorry your child has this diagnosis.” This diver-
gence underscores the importance of customizable interaction
styles. A conversational agent that can toggle between empathetic
and pragmatic tones might bridge this divide, catering to caregiver’s
varying preferences in different moments.

Finally, trust emerged as both a strength and a vulnerability for
the tool. On the one hand, its reliance on validated sources like the
Children’s Oncology Group Handbook lent it an air of credibility.
Many participants described the tool as trustworthy because it drew
directly from vetted materials. One caregiver noted, “I wouldn’t
feel nervous about using this—it’s taken straight from an approved
handbook.” Yet, this trust was not unconditional. Concerns about
accuracy, particularly for rare or complex cases, lingered in the
background. Participants stressed the importance of clear limita-
tions and professional validation, underscoring that transparency
is key to fostering long-term trust in AI-driven healthcare tools.

6 Limitations and Future Directions
While this study provides valuable insights into the use of conver-
sational AI tools for pediatric cancer caregiving, several limitations
must be acknowledged. First, the participant sample, though diverse
in caregiving roles and cancer types, was relatively small (N=12).
While this sample size aligns with qualitative research norms and
reached thematic saturation, future work should include larger,
more diverse cohorts to strengthen generalizability Second, the
study relied heavily on self-reported data from interviews and sur-
veys, which may introduce response bias. Another limitation stems
from the controlled, simulated nature of the caregiving scenarios
presented during the study. Future studies could address these lim-
itations by expanding the participant pool to include a broader
demographic and conducting longitudinal research to observe real-
world usage.

Finally, while the tool showed promise in addressing low-stakes
informational needs, its effectiveness in real-world, high-stakes situ-
ations, such as emergencies, remains unexplored. As we and others
move to studying coversational tools for real-time information-
seeking during health crises, future work will need to address eth-
ical concerns head-on. Even for a tool such as ours which draws
from validated sources, we believe further safeguards are needed
to prevent the risk of misinformation, especially in complex or
evolving medical cases. Future research should explore strategies
for integrating AI-driven recommendations with human oversight,
ensuring caregivers can make informed decisions without over-
relying on automated responses.

7 Conclusion
This study highlights the importance of trust, usability, and person-
alization in using conversational AI tools for caregiving. Tools that
provide tailored responses based on a child’s diagnosis and treat-
ment phase, while relying on trusted resources like the Children’s
Oncology Group Handbook, can serve as valuable supports during

critical caregiving moments. Rather than replacing healthcare pro-
fessionals, these tools can complement traditional care by helping
caregivers navigate complex tasks. Key areas for improvement in-
clude better personalization, stronger data privacy measures, and
integration with healthcare systems.
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