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Abstract 
Large language models (LLMs) have been increasingly adopted to 
support patients’ healthcare-seeking in recent years. While prior 
patient-centered studies have examined the capabilities and expe-
rience of LLM-based tools in specific health-related tasks such as 
information-seeking, diagnosis, or decision-supporting, the inher-
ently longitudinal nature of healthcare in real-world practice has 
been underexplored. This paper presents a four-week diary study 
with 25 patients to examine LLMs’ roles across healthcare-seeking 
trajectories. Our analysis reveals that patients integrate LLMs not 
just as simple decision-support tools, but as dynamic companions 
that scaffold their journey across behavioral, informational, emo-
tional, and cognitive levels. Meanwhile, patients actively assign 
diverse socio-technical meanings to LLMs, altering the traditional 
dynamics of agency, trust, and power in patient-provider relation-
ships. Drawing from these findings, we conceptualize future LLMs 
as a longitudinal boundary companion that continuously mediates 
between patients and clinicians throughout longitudinal healthcare-
seeking trajectories. 

CCS Concepts 
• Human-centered computing → Empirical studies in HCI; • 
Applied computing → Life and medical sciences. 
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1 Introduction 
The practical healthcare-seeking process is not a single event but 
a dynamic, multi-stage trajectory, covering symptom appraisal, 
information seeking, clinical encounter, post-consultation sense-
making, treatment planning and implementation, recurrence moni-
toring, and follow-up cycles [7]. Throughout this journey, patients 
are often placed in a vulnerable position [12, 99]. They have to 
continually cope with the uncertainty of their symptoms while 
also navigating persistent challenges such as limited information, 
the structural complexity of healthcare systems, and considerable 
emotional stress [50]. These challenges are further amplified in 
resource-constrained healthcare settings, where limited healthcare 
resources, information asymmetries, and insufficient primary or 
long-term care support remain widespread [26, 88, 167]. As a result, 
patients are increasingly struggling to access timely, adequate, and 
personalized healthcare support. 

To bridge this gap, patients have increasingly turned to digi-
tal artificial intelligence (AI) technologies, ranging from search 
engines for information retrieval [13, 92] to specialized symptom 
checkers [96, 119] and largely-scripted medical chatbots [115, 165]. 
While these tools democratized access to additional healthcare sup-
port, they were often limited by rigid interaction patterns and a 
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Figure 1: Overview of the LLM’s four dynamic roles integrated into patients’ healthcare-seeking journeys: (1) Behav-
ioral—supporting and negotiating healthcare decisions; (2) Informational—facilitating patient–provider communication; 
(3) Emotional—providing emotional support and companionship; and (4) Cognitive—scaffolding patients’ sensemaking and 
knowledge in understanding professional healthcare information. These roles accompany patients across multiple stages of 
their journeys, dynamically shifting to meet patients’ evolving needs. A case of a patient with eardrum perforation illustrates 
how LLMs enact these roles at different time points along the healthcare-seeking journey. 

lack of contextual understanding, struggling to address the emo-
tional and shifting needs of a patient’s dynamic and longitudinal 
healthcare-seeking journey. 

In recent years, Generative AI, in particular large language mod-
els (LLMs), has enabled the boom of conversational AI applications 
in the healthcare domain [102, 117]. In particular, with the pow-
erful natural language understanding and generation capabilities 
[48, 124], LLMs can not only answer medical questions but also help 
patients articulate symptoms [131, 171], interpret clinical advice 
[6, 10], plan next steps [93, 162], and provide emotional support 

[66, 128] through sustained conversational engagement. Conse-
quently, LLMs have the potential to embed themselves continu-
ously across the entire healthcare-seeking journey, from the earliest 
stages of symptom appraisal to follow-up and long-term manage-
ment, forming a new paradigm of collaborative, trajectory-wide 
healthcare support that fundamentally reshapes existing patient 
journeys. 

Nevertheless, as a high-stakes domain, integrating LLM tech-
nologies in healthcare, while ensuring their usability, safety, and 
ethical deployment, remains a complex and challenging endeavor 
[22]. This requires a systematic and critical examination of LLMs’ 
roles across the full healthcare-seeking journey, as well as their 
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deeper impact on patients’ experiences and the patient–provider 
relationship. As a response, existing HCI has begun to explore the 
practical adoption, use, and impact of LLM-powered healthcare 
applications on patients’ healthcare-seeking process, such as pa-
tients’ adoption and experience of using LLMs to support their 
medical decision-making [45, 82], as well as the factors influencing 
the adoption and final decisions [37, 71]. However, existing works 
have mainly focused on single-interaction or short-term scenar-
ios [25, 66, 148], neglecting the multi-stage longitudinal nature of 
real-world healthcare-seeking journeys. This may produce partial 
or even misleading understandings of how LLMs actually func-
tion and impact patients’ healthcare-seeking practices in long-term 
healthcare contexts. Moreover, existing studies tend to focus on 
LLMs’ roles in specific health-related tasks, such as information 
seeking [23], diagnosis [156], and decision support [11], under-
exploring how patients, across their complex medical journeys, 
actively ascribe dynamic roles and meanings to LLMs. 

Our study aims to fill these gaps through exploring the dy-
namic, evolving roles and situated significance that LLMs play 
in patients’ long-term healthcare-seeking journeys. We particularly 
ask the following two research questions: (1) What role do LLMs 
play throughout patients’ entire healthcare-seeking jour-
ney, and (2) How does the interaction with LLMs (re)shape 
their healthcare-seeking journeys, as well as the broader 
patient-provider relationship? With the growing development, 
deployment, and adoption of LLM-powered healthcare applications, 
understanding these questions can help researchers and developers 
better shed light on how LLMs can be meaningfully designed and 
integrated into patients’ healthcare-seeking journey in ways that 
enhance user experience and maximize their potential value. 

We address these research questions through an IRB-approved, 4-
week longitudinal diary study with 25 patients undergoing various 
health conditions1 . We recruited participants to observe how they 
used LLMs in their healthcare-seeking procedures2 , and asked them 
to document their daily usage experiences and reflections in diaries, 
followed by in-depth interview to deeply capture their experience, 
perceptions, and meaning-making processes. 

Our analysis reveals that LLMs are not used as simple decision-
support tools, but are integrated as dynamic companions across 
patients’ long-term healthcare-seeking journeys. We show how 
they scaffold patient practices at four key levels across the treat-
ment stages: behavioral (negotiating decisions with human clini-
cians), informational (improving patient-provider communication), 
emotional (providing companionship), and cognitive (scaffolding 
jargon sensemaking and medical knowledge). Further, this deep 
integration empowers patients, reconfiguring traditional dynamics 
of agency, trust, and power between them and human clinicians. 
Based on these findings, we conceptualize these LLM technologies 
as a longitudinal boundary companion—a socio-technical partner 
that mediates between the clinic and daily life, expert knowledge 
and patient experience, and cognitive needs and emotional support. 

1It is noteworthy that this work particularly focuses on patients’ perspectives. 
LLM-empowered systems that support clinicians and other important stakeholders are 
also interesting and worth exploration, but they are beyond the scope of this paper.

2To minimize safety and ethical risks, we provided an educational introduction to 
all participants, stressing that these LLM tools are supplementary and not a replacement 
for professional medical care. 

This reframing leads us to propose design implications focused on 
relational continuity, which involves designing LLM systems to 
build and maintain a relationship over a patient’s entire healthcare 
journey, and responsible empowerment, which supports patient 
agency while simultaneously mitigating the risks of misinforma-
tion. Meanwhile, we highlight the potential ethical risks associated 
with such a broader adoption of LLM roles in patients’ healthcare-
seeking journeys. 

We contribute to the HCI community by extending current under-
standings of LLM-powered applications in healthcare, foreground-
ing patients’ longitudinal engagements with LLMs across their 
healthcare-seeking journeys. Specifically: 

• We provide rich empirical evidence from a four-week diary 
study that details the multifaceted and dynamic roles LLMs 
play across patients’ longitudinal healthcare-seeking jour-
neys, spanning behavioral, informational, emotional, and 
cognitive dimensions. 

• We introduce the concept of the LLM as a longitudinal bound-
ary companion and analyze how it reconfigures patient 
agency, trust, and power, with its ethical implications. This 
provides a new theoretical lens for understanding the rela-
tional and socio-technical impact of LLMs in healthcare. 

• We articulate a set of concrete design implications that move 
beyond accuracy and information tools, focusing on rela-
tional continuity, responsible empowerment, and scaffolding 
health literacy in future LLM-powered health applications. 

2 Related Work 
Our study is situated within the broader research landscape of AI-
powered healthcare-seeking. In this section, we review existing 
work along three key lines: patients’ healthcare-seeking journeys 
(Section 2.1), the promise and limitations of LLM-powered health-
care support (Section 2.2), and the socio-technical dynamics when 
adopting LLM-mediated application into real-world healthcare set-
tings (Section 2.3). These three bodies of literature establish the 
conceptual background for understanding the contribution of our 
study. 

2.1 Patient Healthcare-Seeking Journey: 
Longitudinal, Dynamic, and Multi-Stage 
Trajectory 

Healthcare-seeking is fundamentally a multi-stage and continu-
ously unfolding process [7], typically involving symptom appraisal, 
information seeking, care navigation and decision-making, the 
clinical encounter, post-consultation sensemaking and planning, 
treatment implementation and self-management, and long-term 
recurrence monitoring and follow-up [42, 118]. Each stage is char-
acterized by distinct information needs, emotional states, decision 
pressures, and resource availability, resulting in constantly shifting 
challenges for patients throughout their healthcare journey [35, 36]. 
This multi-stage, dynamically evolving nature of patients’ needs 
implies that digital healthcare technologies must be able to adapt 
responsively across stages in order to achieve sustained, real-world 
effectiveness [47, 100]. 

To achieve such technological design, researchers and designers 
should systematically investigate patients’ evolving needs within 
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real-world healthcare practices and understand how technologies 
are adopted, interpreted, and integrated across different stages 
of the healthcare-seeking journey. This perspective aligns with 
HCI’s longstanding emphasis on studying user needs and technol-
ogy use within authentic, situated contexts, rather than isolated 
or decontextualized scenarios [77, 132]. In digital health and per-
sonal informatics, many studies have explored patients’ needs and 
technology usage during healthcare-seeking. For example, conver-
sational agents that help laypeople obtain health information or 
navigate services [43, 81], systems that support caregiver-provider 
communication and coordination around episodes of care [126, 171], 
or AI and LLM-based decision-support tools with diagnostic reason-
ing [129, 152, 157]. While these efforts provide important insights 
into technology use at specific touchpoints, they typically isolate 
the touchpoint from other stages of the overall healthcare trajectory, 
making it difficult to understand how patients’ experiences and 
practices evolve across time as they move between home, online 
spaces, and clinical care. 

Responding to this limitation, a growing body of HCI and health 
informatics research has adopted a patient journey-based lens to 
understand and design for patients’ end-to-end experiences. For ex-
ample, Jacobs et al. [63] developed a cancer journey framework that 
characterizes breast cancer patients’ responsibilities, challenges, 
and technology use from screening and diagnosis through treatment 
and survivorship. Suh et al. [134] conceptualized parallel journeys 
for patients with comorbid conditions, mapping how cancer care 
and psychosocial care trajectories intersect and where technology 
could support care. Patient-journey mapping and design methods 
have been used to visualize emotions, values, and unmet needs 
along the care path [21, 97] For instance, He et al. [56] developed 
a patient-journey map of COVID-19 home isolation to identify 
pain points and digital touchpoints during isolation and follow-up. 
Working with patients, Timinis et al. [143] co-created reassurance 
journey maps that show when and why post-operative cancer pa-
tients seek reassurance while enrolled in remote patient monitoring 
programs. 

However, even these trajectory-oriented studies largely exam-
ine journeys in relation to particular diseases, services, or care 
programs, and these studies usually treat digital technologies as 
one element within the broader care ecosystem, rather than as 
continuously present, conversational collaborators. To date, there 
is still limited work that holistically and cross-temporally exam-
ines how a single, flexible, yet powerful technology, such as LLM, 
threads through the entire healthcare-seeking journey and dynam-
ically reshapes patients’ experiences, practices, and relationships 
with the healthcare system. Our study contributes to this line of re-
search by introducing a longitudinal perspective into LLM-powered 
healthcare-seeking scenario. We systematically investigate how 
patients incorporate LLMs into their multi-stage healthcare trajec-
tories in real-world settings, revealing the multiple roles LLMs play 
across different stages and the mechanisms through which they 
shape patient experiences and behaviors. 

2.2 LLM-Powered Healthcare-Seeking: 
Promising and Limitation 

AI-powered technologies for patients have been advancing in the 
healthcare domain for decades, evolving from early general-purpose 
information retrieval [13, 92], to machine learning and deep learn-
ing driven decision making systems [139, 155], specialized symptom 
checkers [96, 119] and largely-scripted medical chatbots [115, 165]. 
While these technologies have democratized access to multiple 
healthcare support, they are typically limited by rigid interaction 
patterns and specific tasks, i.e., performing predefined functions 
with constrained workflows, struggling to accommodate the dy-
namic, evolving needs that patients experience. 

In contrast, the recent advances in LLMs bring a fundamentally 
different healthcare-seeking paradigm. With the strong reason-
ing capabilities, flexible natural-language interaction, and general-
purpose adaptability, multiple LLM–based agentic systems are re-
shaping the landscape of healthcare-seeking practices [110]. In the 
fields of HCI, AI, and digital health research, a growing number of 
LLM-powered health applications have been designed, developed, 
and deployed to support diverse clinical and non-clinical needs, 
ranging from supporting clinical practice like documentation or di-
agnosis [48, 90, 149, 168, 170], accelerating medical research [86, 89], 
to enhancing medical education [24, 142], and empowering patient 
follow-up and chronic disease management [72, 85]. These studies 
have significantly advanced the development of the LLM-powered 
healthcare sector. 

Despite these promising developments, to date, very limited stud-
ies have examined LLMs’ role and impact through longitudinal us-
age in real-world clinical or everyday healthcare contexts. Most ex-
isting studies on LLMs’ role remain in an exploratory stage, largely 
evaluated on episodic snapshots of interactions in lab settings or hy-
pothetical scenarios with interviews [45, 128], or retrospective anal-
yses of online posts and focus group discussions [66]. Such examina-
tions often fail to capture patients’ dynamic needs, and also overlook 
how LLMs may vary in effectiveness [101, 116], safety [3, 64, 125], 
reliability [2, 111], or ethical implications [141, 174] across different 
stages of the patient journey. Integrating LLM technologies into 
healthcare, while simultaneously ensuring their usability, safety, 
and ethical deployment, remains a complex and challenging en-
deavor [22, 101, 116]. The lack of longitudinal, in-situ evidence 
is particularly problematic, as it limits our ability to understand 
how these systems behave in real-world use, potentially leading to 
mismatches between design assumptions and actual patient needs 
or clinical realities [139]. 

The concurrent rise of LLMs’ powerful capabilities and poten-
tial risks creates a complex landscape for the adoption of LLMs 
in healthcare. Yet, while the academic and clinical communities 
proceed with caution, the general public has already begun lever-
aging these tools for health inquiries, blurring the boundaries of 
daily well-being and healthcare [66, 128, 164]. In this work, we 
contribute to this area by investigating the real-world dynamics of 
the interactions between patients and LLMs. Using a longitudinal 
approach, we specifically investigate the patterns, roles, and im-
pacts of LLMs across the entire patient healthcare-seeking journey, 
and the methods patients develop to make sense of and manage 
their engagement with LLM technologies. 
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2.3 Socio-Technical Dynamics in LLM-Powered 
Healthcare-Seeking 

In public narratives, whether in industry discourse, policy rhetoric, 
popular media, or academic publications, LLMs has often been en-
visioned as a powerful and nearly omnipotent technology (e.g., 
[20, 41, 49, 106, 113, 160]) capable of undertaking highly challeng-
ing, complex, and value-laden tasks, ranging from creative content 
production [53, 62], to knowledge-intensive professional services 
[20, 41], to decision support in high-stakes domains such as health-
care [122, 123, 166]. In these accounts, LLMs are frequently cele-
brated as a key driver of human progress and innovation. 

Yet, the introduction of an LLM-powered application into practi-
cal application settings is far from sufficient on its own. On the one 
hand, research has shown that despite the rhetoric of intelligence 
and automation, its practical deployment and effective use require 
extensive human labor [40], such as configuring [146], maintain-
ing [30], contextualizing [138], and even reinterpreting AI outputs 
[139]. Human involvement thus remains indispensable [114]. On 
the other hand, as LLM becomes increasingly integrated into hu-
man society, the relationship between humans and LLM grows 
inherently complex. Recently, researchers have examined the social 
[135], psychological [137], and ethical impacts [29, 83] of LLMs in 
domains such as education [27, 136], healthcare [86, 98], and mental 
well-being [137]. These studies converge on a shared conclusion 
that AI cannot, and should not, replace human agency. Instead, they 
call for the design and deployment of AI in ways that foster sus-
tainability, safety, ethics, fairness, and broader social responsibility. 

In the healthcare domain, this issue is particularly salient. While 
LLM-powered applications are widely promoted as powerful tools 
[33, 104, 166, 169], their effective adoption and use in practice typi-
cally depend on extensive human labor. For instance, prior studies 
have described how infrastructuring labor is required to integrate 
AI into inherently complex and fragmented healthcare practices 
[14, 51, 151, 161], how data work is needed when adopting AI into 
highly contextualized and human-centered healthcare practices 
[138, 139], and how the everyday efforts of clinicians, technicians, 
and administrators are necessary to ensure the safety, reliability, and 
interpretability of LLM outputs [98, 108, 146]. Additionally, studies 
have documented a range of psychosocial, safety, and ethical impli-
cations [54, 98] brought by LLM-powered healthcare applications, 
arguing for more human-centered technological directions [38, 39]. 

As a response, recent research has called for more empirical un-
derstandings of LLMs’ role in practice, urging the HCI and related 
communities to move beyond technological promises to deeply 
examine the socio-technical dynamics of AI implementation, high-
lighting the need to situate AI within broader socio-technical, so-
ciocultural, and socio-economic ecologies [139, 155]. Joining this 
growing body of research, our study examines LLMs in real-world 
healthcare-seeking settings, foregrounding the complex interplay 
between AI capabilities and human practices. 

3 Methods 
To investigate the long-term impact of LLMs on patients’ healthcare-
seeking journeys, we conducted a four-week diary study to capture 

in-the-moment experiences and evolving practices, followed by in-
depth, semi-structured exit interviews to elicit deeper retrospective 
reflections. 

3.1 Study Context 
Our study was situated in China, a country that has long faced 
the challenges of insufficient and unevenly distributed medical re-
sources [26]. As one of the world’s most populous nations, China 
carries an enormous demand for healthcare services [172], while 
high-quality healthcare resources remain heavily concentrated in 
large public hospitals of major cities. This structure has made the 
issues of difficulty and high cost of seeing a doctor, a long-standing 
and significant public concern in Chinese society. At the same 
time, China’s family doctor system is still developing, and the pri-
mary care infrastructure has limited capacity to effectively divert 
patient flow. Most patients continue to rely on hospital-based reg-
istration and consultation, leading to overcrowded hospitals where 
patients commonly experience intense competition for appoint-
ments, long waiting times, and very short consultation durations 
[88, 167]. Healthcare providers, in turn, face excessive workloads 
and high rates of burnout [52, 179]. Within such a strained health-
care system, patients often lack continuous channels for healthcare 
consultation, as well as adequate support for accessing reliable 
health information, making sense of diagnoses, or managing their 
conditions over the long term. Given such a context, LLMs, with 
their immediacy, low access barrier, scalability, and capacity for 
conversational engagement, position them as particularly valuable, 
holding substantial practical promise to alleviate healthcare bur-
den and provide patients with more accessible healthcare support. 
Moreover, China is one of the most active countries globally in 
promoting the adoption of AI in healthcare. These factors create 
a highly relevant, dynamically evolving, and globally significant 
context for examining how LLMs can be integrated into patients’ 
real-world healthcare-seeking practices and what roles they can 
play. 

3.2 Participants and Recruitment 
Our recruitment criteria focused on participants who (1) were cur-
rently managing an active health concern, (2) anticipated making 
multiple in-person medical visits in the coming month, and (3) had 
prior experience using LLMs for broad health and well-being pur-
poses. Our goal was to have a medically diverse participant pool 
to ensure the inclusion of a broad spectrum of patient experiences. 
Recruitment started with an online form distributed via Chinese 
social media and public online communities, wherein we provided 
detailed information about the research team, study objectives, and 
eligibility requirements, as well as collected basic information from 
potential participants, including age, gender, health status, antici-
pated medical visits in the coming month, and AI Literacy. From the 
initial responses, we identified 75 participants who met the criteria 
and conducted screening calls with potentially eligible individuals. 
During these calls, we confirmed their health status, upcoming 
medical plans, and willingness to participate. 

Our initial recruitment involved 42 participants. During the four-
week study, seven participants withdrew or were lost to contact. 10 
participants were excluded as their diary entries were consistently 
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Table 1: The demographics, proficiency in using AI in daily lives, and health conditions of 25 participants. We also included 
the specific LLMs they used, together with the number of clinical visits during the four-week study period. Other than the 
well-known ChatGPT, participants used DeepSeek, Kimi, Qwen, and Doubao that are popular general-purpose LLMs in China. 
Others are health domain-specific LLMs developed specifically for health applications. More details of these models can be 
found in Appendix Table 3 and more details of participants’ AI Literacy can be found in Appendix Table 5. 

ID Sex Age Daily AI Use* Health Conditions Visits LLM Used 

P01 F 22 6/7 Irregular Migraine 0 Kimi, Doubao, DeepSeek 

P02 F 25 6/7 Ectopic Pregnancy 11 Doubao 

P03 F 21 7/7 Post-cholecystectomy Syndrome 3 DeepSeek, Doubao 

P04 F 21 6/7 Chronic Menstrual Irregularities 8 Doubao, Kimi, AQ 

P05 F 30 6/7 Chronic Dyspepsia, Chronic Nausea 3 Kimi 
P06 F 23 6/7 Breast Tenderness, Ovarian Endometrioma 1 Doubao 

P07 F 24 6/7 Chronic Gastritis, Otitis Media 1 ChatGPT, Doubao 

P08 F 25 6/7 Kidney Stones 11 Doubao 

P09 F 27 7/7 Thyroid Cancer 2 Kimi, DeepSeek 

P10 M 22 5/7 Chronic Knee Pain 1 Doubao 

P11 M 22 6/7 Intermittent Dizziness, Arm Numbness 3 Doubao 

P12 F 22 7/7 Chronic Nausea 0 Doubao, iFlytek Xiaoyi, JD Health, AQ, ChatGPT, 
Zuoshouyisheng, Baidu Lingyi Zhihui, DeepSeek 

P13 F 21 7/7 Perforated Eardrum 13 Doubao, DeepSeek, Zuoshouyisheng, AQ, iFlytek Xiaoyi, JD 
Health, Xiaohe Health, Baidu Lingyi Zhihui 

P14 M 22 7/7 Fatty Liver, Elevated Transaminases 2 Doubao 

P15 F 23 6/7 Chronic Stomach Pain, Left Leg Fracture 3 Doubao, iFlytek Xiaoyi, Qwen, AQ, DeepSeek, Kimi, JD 
Health, Zuoshouyisheng 

P16 F 21 6/7 Chest Pain, Prone to Palpitations 0 Doubao 

P17 F 19 6/7 Sinusitis, Tooth Inflammation 7 Doubao, Xiaohe Health, AQ 

P18 F 28 7/7 Vaginitis 8 iFlytek Xiaoyi, DeepSeek 

P19 F 29 7/7 Endometrial Hyperplasia 2 Doubao 

P20 F 24 5/7 Knee Effusion and Chronic Pain 4 Doubao 

P21 F 30 7/7 Neurodermatitis, Seborrheic Dermatitis 3 iFlytek Xiaoyi 
P22 M 26 6/7 Diabetes 3 Doubao 

P23 F 26 6/7 Post-Hepatic Cirrhosis Infection 10 DeepSeek, JD Health, AQ 

P24 F 56 5/7 Breast Cancer 2 Doubao 

P25 F 22 6/7 Right Leg Fracture 7 DeepSeek, Doubao, AQ 

*This item asks: “I can skillfully use AI applications or products to help me with my daily work”. Score: 1 (Strongly Disagree) to 7 (Strongly Agree). 

too brief or irrelevant to their health journey to provide meaningful 
data. The final sample consisted of 25 participants (21 female, 4 
male). Their ages ranged from 19 to 56 (mean = 25.2, SD = 6.9). 23 
have bachelor’s degrees, one has a master’s degree, and one has a 
high school degree. We also measured patients’ AI literacy using 
the AI Literacy Scale [154], with details presented in Table 5. Our 
user group demonstrated a moderate to high level of usage and 
familiarity with AI (4.8 to 6.6 out of 7, mean = 5.8, SD = 0.5). Their 
health conditions covered a broad spectrum of diseases, ranging 
from acute injuries (e.g., bone fractures, infections) to the manage-
ment of long-term chronic conditions (e.g., diabetes, chronic pain) 
and serious diagnoses (e.g., cancer). Table 1 lists their demographics 
and health condition details. 

3.3 Study Procedure 
The study was conducted in two phases: a four-week diary study 
and in-depth, semi-structured exit interviews. The whole study 

procedure took place virtually to ensure flexibility and accessibility 
for participants. 

3.3.1 Four-Week Diary Study. We first conducted a four-week di-
ary study, during which we observed how participants used LLMs 
for any queries related to their health conditions, and recorded their 
usage behaviors, feelings, and experiences in the diary. Such a diary 
study allowed us to capture participants’ daily in situ use practices, 
experiences, and reflections. Adopting from similar studies [60], 
our study spanned four weeks to capture multiple patient-AI and 
potentially patient-provider interactions. We designed a structured 
diary questionnaire to elicit detailed data on participants’ experi-
ences with both LLMs and human clinicians. The questionnaire 
was designed based on our research questions and contained the 
following components: 

(1) Interaction with LLM(s): Participants reported their ra-
tionale for interacting with any LLMs, the content of their 
queries (via URLs or screenshots), and their assessment of 
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the interaction. This included the perceived role of the tool, 
overall satisfaction, its impact on their decisions, and any 
feelings of trust, positive emotions, or frustration. 

(2) Interaction with human clinician(s): If participants vis-
ited clinicians, participants entered additional diary data 
to report the reason for the visit (in-person or online), the 
topics discussed, the clinical outcomes (e.g., prescriptions, 
procedures), and their overall experience. 

(3) Interaction with both: If participants consulted both 
sources, they were asked to explain their reasoning, their 
perception of the relationship between the two, and how 
they navigated any different or conflicting information. 

All questions were designed to be general so that they could 
be inclusive and encouraged participants to share various levels 
of experiences and perceptions (see detailed diary questions in 
Appendix Table 4). To facilitate detailed responses, we provided an 
optional voice-to-text input for all open-ended questions. On days 
with no relevant healthcare activities, participants were instructed 
to simply note “No consultation today”. 

The diary study began with an online introductory session three 
days prior to the main diary study for each participant, during 
which we introduced the overall study procedures. Participants 
had the freedom to use any LLMs they were familiar with for any 
queries related to their health conditions. We walked participants 
through the questions covered in our diary questionnaire to ensure 
they understood the meaning of each item. 

As part of the onboarding process, we provided participants 
with information about available LLMs and access methods, includ-
ing general LLM tools as well as those focused on healthcare (see 
Appendix Table 3). We provided several examples to illustrate ap-
propriate queries. It is important to note that we emphasized in the 
session that these tools are supplementary and not a replacement 
for professional medical care. Following this session, all partici-
pants signed an online informed consent form and received a text 
version of the user guide. More ethical considerations were detailed 
in Section 3.5. 

The diary study officially began after participants signed the 
consent form. During the four weeks, participants submitted daily 
diaries through the online questionnaire. One author monitored the 
submission records. If more than three consecutive days of missing 
data were observed, we followed up with the participants to ensure 
compliance. Over the four-week diary study, 25 participants pro-
vided a total of 587 entries that contained consultation responses 
(Min = 8, Max = 28 per person). Within these responses, 478 in-
volved only consultations with LLMs, 80 included both clinicians 
and LLMs, and 29 logs were solely with clinicians. It is notewor-
thy that, to capture real-world conditions, we maintained a strict 
no-intervention protocol. Throughout the whole diary study pe-
riod, we provided no corrections or guidance, irrespective of the 
LLM-generated responses. 

3.3.2 Exit Interview. Following the four-week diary period, we 
then conducted semi-structured interviews with each participant, 
aiming to further probe into their diary entries, clarify emerging 
themes, explore their experiences in greater depth, and understand 
the broader context of their healthcare journey. The interview pro-
tocol covered the following three main parts: (1) We began by 

asking about their overall journey with the LLM tools, significant 
interactions they recalled, and any evolution in their perception of 
the LLMs’ role over time. (2) We then used specific diary entries as 
prompts, asking participants to elaborate on key decision points, 
ambiguous entries, or critical health incidents that required further 
clarification. (3) Finally, we explored their perceptions of using LLM 
tools and human clinicians in tandem, focusing on how interacting 
with LLMs would affect their communication with human clinicians 
(and vice versa), and how that would affect their overall healthcare-
seeking journey. While following a semi-structured protocol, we 
intentionally kept the conversation open to probe emergent themes 
and elicit rich details from the participants’ experiences. 

All interviews were conducted via online meeting, lasting 30 to 90 
minutes. With participants’ permission, all interviews were audio-
recorded and later transcribed for data analysis. After the interview, 
participants were compensated for their involvement in the whole 
study. They received $1.5 for each valid diary entry (excluding those 
marked “No consultation today”) and a final compensation of $10 
for completing both the interview and the entire study. 

3.4 Data Analysis 
We adopted an inductive thematic analysis approach [44] with a 
longitudinal lens to analyze the diary entries and follow-up in-
terviews. Given the multi-dimensional nature of our datasets (25 
participants’ 587 diary entries, and in-depth interviews), our anal-
ysis focused not only on identifying recurring patterns but also 
on tracing how the roles of the LLMs dynamically evolved across 
participants’ healthcare-seeking journeys. 

Three authors participated in the initial phase of analysis. After 
familiarizing ourselves with the data, we independently conducted 
open coding on a subset (seven participants’ diaries, 165 entries 
in total, and interviews), to surface initial codes. Weekly meetings 
were held to discuss disagreements and refine the emerging codes. 

Through these processes, we generated an initial codebook, pri-
marily capturing the diverse roles LLMs played, participants’ in-
teraction patterns, and their experiential accounts of interacting 
with both LLMs and human clinicians. Guided by this codebook, 
two authors conducted the subsequent coding of the full dataset, 
meeting regularly to discuss discrepancies and iteratively refine the 
coding scheme. This process yielded a consolidated set of codes, 
which were then inductively clustered into higher-level categories, 
reflecting dimensions such as the roles of behavioral guidance, 
informational support, and emotional companionship that LLMs 
played, the interaction and mediation among patient-LLM-provider, 
as well as participants’ evolving perceptions of trust, agency, and 
power dynamics. Importantly, our analysis emphasized the tempo-
ral and processual nature of these roles and interactions. That is, 
rather than treating each diary entry as an isolated data point, we 
traced how the functions of LLMs shifted over time within each 
participant’s healthcare-seeking journey. Through this trajectory-
oriented perspective, we were able to situate the evolving roles 
of LLMs in relation to participants’ changing health conditions, 
emerging needs, and shifting relationships with human clinicians, 
as well as across different stages of their experiential journey. 

Building on this preliminary code list, we re-focused our anal-
ysis at the broader level of themes, examining the contextualized 
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meanings of emergent concepts and reviewing related literature to 
uncover their connections. Three authors iteratively consolidated 
our codes into an overarching theme, and carefully compared the 
identified themes to the dataset and refined the themes with the 
goal of ensuring internal homogeneity and external heterogeneity. 
After several rounds of discussion and refinement, we developed a 
thematic map consisting of four primary themes, each representing 
a distinct role played by LLMs and their corresponding dynamic 
processes in patients’ healthcare-seeking journey. In the follow-
ing section, we present these themes, using representative quotes 
and illustrative cases, which were translated from their original 
Mandarin into English by the authors. To protect our participants’ 
identities, we use P01, P02, etc. to denote different participants. 

3.5 Ethical Considerations 
All study procedures were approved by our university’s Institu-
tional Review Board (IRB #HR1-0367-2025). We prioritized partici-
pants’ well-being and data privacy throughout the research process. 
We obtained informed consent from all participants during the 
onboarding session after thoroughly explaining the study’s pur-
pose, procedures, potential risks, and their right to withdraw at 
any time without penalty. All participants were informed via the 
consent form that all relevant data would be collected through the 
online questionnaire for scientific research purposes. Notably, the 
questionnaire platform we employed, Yibiaoda, strictly prohibits 
any unauthorized use or disclosure of collected data, thereby safe-
guarding participants’ privacy [1]. A key ethical challenge was the 
potential for participants to misinterpret information from LLMs 
as professional medical advice. To mitigate this risk, we explicitly 
and repeatedly emphasized during the onboarding session and in 
the written guide that these LLM tools are supplementary aids and 
not a substitute for consultation with qualified human clinicians. 
All collected data, including diary entries and interview transcripts, 
were de-identified and stored on a secure server accessible only to 
the research team. In our analysis and reporting, we use PID and 
take care to remove any personally identifiable information from 
quotes or descriptions to ensure participant anonymity. 

4 Findings 
Our findings suggest that in patients’ long-term healthcare-seeking 
trajectory, LLMs are far from being a single-function tool, e.g., 
information retrieval, decision making, or health Q&A, as many 
current studies assume [110, 178]. Instead, they continuously adapt 
their roles and dynamically integrate into patients’ everyday health 
practices, shaping patients’ healthcare-seeking experiences at the 
behavioral, informational, emotional, and cognitive levels. 
Table 2 presents the definitions of the four roles adopted by LLMs, 
providing an overview of our key findings. These four roles do not 
function as a sequential, time-series progression; rather, they form 
an interwoven dynamic, effectively reshaping the patient-doctor 
relationship in terms of agency, trust, and power. 

4.1 (Behavioral) Supporting and Negotiating 
Healthcare Decisions 

A central way in which our participants engaged with LLMs was 
through the ongoing scaffolding and negotiation of healthcare de-
cisions. Our findings suggested, rather than providing single-point 
answers, LLMs accompanied patients across multiple stages of their 
trajectories, actively shaping how they acted on decisions, con-
structed the role boundaries between LLMs and clinicians, and 
gained greater agency. 

4.1.1 LLM–Powered Decision Negotiation Across Stages. Our anal-
ysis shows that participants’ healthcare decision-making processes 
were collaboratively enacted by LLMs, clinicians, and themselves. 
Empowered by LLMs, patients were no longer passive recipients, 
but actively engaged in the decision-making process at different 
stages of their healthcare-seeking journeys. 

Before Clinical Encounter: Analyzing Health Conditions and Iden-
tifying Critical Healthcare Signals. Before visiting a human doctor, 
participants often relied on LLMs to help them analyze their health 
conditions, identify signals warranting medical attention, and com-
pare potential treatment pathways. For example, after experiencing 
inflammation in the ear, P13 consulted both Doubao and DeepSeek 
about the possible causes and risks. When both LLMs highlighted 
the severity of the problem and recommended an immediate “oto-
scope examination”, she promptly followed their advice and sought 
medical care. In her 3rd diary entry, she wrote: “The role of LLM is 
quite obvious. I asked it about my ear condition, and it immediately 
pointed out the severity, saying it might affect the cranial nerves. 
After hearing that, I immediately decided to go to the hospital for 
an otoscope exam.” Similar descriptions were also reported in the 
diaries of participants with other types of diseases, such as P03 
(chronic conditions of post-cholecystectomy syndrome) and P06 
(an acute case of vaginitis). 

During Encounter: Supporting Patient Agency in Treatment Deci-
sion. During clinical encounters, the analyses and treatment sug-
gestions offered by LLMs enabled patients to gain more knowledge 
about their conditions and exercise greater agency in discussing 
and shaping treatment plans with clinicians, rather than merely 
accepting their advice. This was particularly salient in the Chinese 
healthcare system, where outpatient encounters in large public hos-
pitals are typically brief and highly compressed, and patients may 
see different clinicians across visits. For instance, P09, a participant 
with thyroid cancer, consulted the LLMs in detail about possible 
surgical options and their risks before undergoing surgery. On Day 
18, she wrote: 

“The LLM carefully explained the pros and cons of three 
surgical options and compared... This gave me a clearer 
understanding of each option’s advantages and disad-
vantages, and provided important reference points for 
choosing my surgical plan.” 

In some cases when clinicians were unable to determine the cause 
or treatment, patients engaged in the attempt of self-diagnosis with 
the help of LLMs. For example, P18 visited a doctor for fever, but 
blood tests did not reveal the cause. She noted: “AI...listed a large 
number of possible causes. I began ruling them out one by one by 
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Table 2: The table lists the four roles of the LLMs in the patient’s healthcare-seeking journey and their definitions, along with 
their specific manifestations as introduced in the respective sections of the findings. 

Roles of LLMs Role Definition Specific Manifestation 

(Behavioral) Supporting and 
Negotiating Healthcare Decisions 

The Behavioral role involves the LLMs supporting patient decision-making 
across multiple healthcare-seeking stages, fostering a complementary 
partnership with clinicians, and enabling patients to actively calibrate trust and 
negotiate their healthcare choices. 

LLM–Powered Decision Negotiation Across Stages 
(Section 4.1.1) 

Complementary Partnership with Clinicians 
(Section 4.1.2) 

Trust Calibration and Power Reconfiguration 
(Section 4.1.3) 

(Informational) Facilitating 
Patient-Provider Communication 

The Informational role involves the LLMs facilitating patient–provider 
communication by enabling patients to come into the consultation ready to 
articulate their health information (e.g., conditions, symptoms), focus the clinical 
discussion effectively, and sustain their health agenda beyond the encounter. 

Strengthening Self-Expression and Preparation 
Before Clinical Encounters (Section 4.2.1) 

Guiding Communication Focus and Efficiency 
During Clinical Encounters (Section 4.2.2) 

Empowering & Sustaining Patient Agenda-Setting 
Across/After Encounters (Section 4.2.3) 

(Emotional) Providing Emotional 
Support and Companionship 

The Emotional role involves the LLMs acting as a dynamic companion that 
provides everyday reassurance while also serving as an emotional buffer during 
critical moments, with its overall impact on patient psychological well-being 
being highly situated and context-dependent. 

Everyday Companionship and Care 
(Section 4.3.1) 

Buffering Anxiety in Critical Moments 
(Section 4.3.2) 

Situated Emotional Effects (Section 4.3.3) 

(Cognitive) Scaffolding Patients’ 
Sensemaking and Knowledge 

The Cognitive role involves the LLMs acting as an interpretive partner that 
scaffolds patients’ knowledge by making implicit medical advice explicit and 
actionable, and by extending their sensemaking beyond the clinical encounter 
into daily life. 

Making the Implicit Explicit and Understandable 
(Section 4.4.1) 

Sensemaking Beyond the Clinical 
(Section 4.4.2) 

myself.” Although P18 could not obtain a definitive diagnosis of the 
fever even after recovery, LLMs provided support for her to explore 
multiple possible causes. 

After Encounter: Guiding Follow-Ups and Health Monitoring. After 
the medical treatment, patients also relied on LLMs to, for instance, 
schedule follow-ups (e.g., P02, P08, P17, P18, P23), decide whether a 
revisit was necessary (e.g., P08, P17, P23, P25), prevent recurrence 
(e.g., P02, P08, P10, P18), etc. For instance, according to P02’s diaries, 
after an ectopic pregnancy surgery, P02 consulted LLMs every day 
about her physical recovery, as well as lifestyle-related concerns 
such as diet, sleep, and exercise. The LLM guided her postoperative 
rehabilitation and help distinguish normal symptoms from those 
requiring immediate care. On Day 10, she wrote: 

“The LLM’s responses were well-organized and clear. 
It differentiated normal recovery patterns from abnor-
mal conditions, helping me identify when I needed to 
seek medical care promptly. This prevented delays... and 
improved the efficiency.” 

At the later stage of the study, P02 visited her doctor on Day 17 and 
18 to have postoperative medical check-ups. 

4.1.2 Complementary Partnership with Clinicians. During the con-
tinued use of the LLMs, participants gradually developed a self-
understanding of the role relationship between LLMs and clinicians. 

Role Complementarity. Many participants pointed out that LLMs’ 
responses were usually “broad and comprehensive” and could 

quickly provide multiple possible causes and general medical knowl-
edge, but lacking an understanding of the specific individual and 
their full diagnostic and social context. By contrast, clinicians were 
perceived as more capable of integrating complete diagnostic infor-
mation with social–environmental factors, thereby offering direct, 
personalized, and precise diagnoses and prescriptions. However, 
participants acknowledged that this complementarity was influ-
enced by the structural reality of the local healthcare system, ne-
cessitated by the resource constraints and limited attention from 
clinicians in public hospitals. As P02 noted in her 6th entry: 

“It [the LLM] mentioned many possible causes of dizzi-
ness, such as anemia, which might be accompanied by 
paleness and palpitations. I learned, but couldn’t deter-
mine whether I fit the typical case. The doctor directly 
said my dizziness was caused by post-surgical weakness 
and orthostatic hypotension, and advised me to sit for 3 
minutes before standing up next time.” 

Boundary Construction. Within this complementary relationship, 
participants also gradually constructed functional boundaries be-
tween LLMs and clinicians in their treatment journey, which was 
often drawn based on the availability of medical resources. Partic-
ipants trusted clinicians to set the precise professional direction, 
such as diagnostic conclusions and treatment plans, while LLMs 
translated these into more easily accessible, concrete, everyday be-
havioral suggestions, a role ideally filled by nursing staff or primary 
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care providers, which are often under-resourced in the local health-
care setting. For instance, P08, a kidney stone patient, explained in 
the exit interview: 

“Doctors won’t constantly track your condition, and they 
don’t know every little detail of your daily life. They 
mainly give you a general direction. But LLM can. In 
the later stages, I treated LLMs as my health assistant, 
which could turn the human doctor’s advice into specific 
daily actions I needed to do.” 

Beyond translating medical conclusions into daily practical ac-
tions, participants suggested that LLMs often played a primary role 
in addressing “small matters” or “minor illnesses”, sometimes even 
surpassing human clinicians. These “small” issues mentioned by 
our participants included precise medication use (e.g., how many 
drops of eye drops from P13 and P15), choosing hospitals or de-
partments (14 out of 25 participants), as well as advice on diet (24 
participants), lifestyle (24 participants), exercise (10 participants), 
living environment adjustments (P06, P16, and P18), etc. For exam-
ple, P24, a breast cancer patient undergoing chemotherapy, noted 
on Day 11: 

“I felt better today... I asked the LLM many related ques-
tions, and it recommended TV shows and music that 
really suited my taste. From now on, I’ll focus on eating 
and drinking well, keeping a good mood, and preparing 
for the next round of chemotherapy.” 

These conversations about daily well-being advice were closely 
relevant to their healthcare conditions and treatment, showing that 
the roles of LLMs can extend into the patient’s daily life to support 
a more holistic model of self-care. 

4.1.3 Trust Calibration and Power Reconfiguration. In traditional 
patient-provider relationships, clinicians typically hold the domi-
nant role, with patients passively accepting their advice. This asym-
metric pattern has been particularly prominent in our study’s con-
text, where overcrowded hospitals, strong professional hierarchies, 
and limited time can reinforce such dynamics. However, we found 
that under LLM-powered healthcare-seeking, patients reconfigured 
these power dynamics: patients gained knowledge-based agency 
and equal conversational status to actively participate in decision-
making jointly with clinicians. 

For example, after receiving a diagnostic conclusion from a hu-
man doctor, patients could consult LLMs again. If the answers 
converged, they felt greater confidence in the doctor’s advice and 
adopted that directly; if they diverged, patients entered a state of 
“boundary tension”, comparing, weighing, and sometimes even chal-
lenging human doctor’s professional opinions. For instance, P18, a 
patient with vaginitis, described her experience after a physician 
recommended red-light and ozone therapy: 

“The LLM said it was useful, but suggested that one 
round (seven days) was enough; doing more could dam-
age the mucosa. So I decided to do one round but no 
more within the month. If the doctor recommends more, 
I’ll ask for alternative medication instead.” 

P18 discussed this decision with her doctor in a follow-up conver-
sation and confirmed that this was a viable option. 

Some patients consulted multiple LLMs for cross-validation be-
fore making final decisions. For instance, P23 noted on Day 7 in 
her diary: “I’m a bit skeptical about relying on just one LLM, mainly 
because I’m not sure if its analysis is professional enough.” Patients 
could obtain more diagnostic directions and agendas from LLMs 
to discuss with their clinicians (see more details in Section 4.2.3). 
Through these practices, patients recalibrated their trust in clini-
cians and LLMs, and redefined their own agency and power within 
the healthcare process. 

In some cases, participants even noted that LLM-derived knowl-
edge empowers them to make decisions when confronting urgent 
recommendations from clinicians. For instance, P19, a patient with 
uterine disease, mentioned in the exit interview: 

“I feel that the initiative is in my own hands. The doctor 
said the surgery needed to be scheduled that day, other-
wise there would be no available bed... But I thought I 
needed to think more about it, discuss it with the LLM, 
and discuss it with my family.” 

Taken together, the results show that in longitudinal care, pa-
tients adopted LLMs to scaffold and negotiate decisions, jointly 
supporting decision-making with clinicians across different stages, 
thereby positioning themselves as more active agents and reshaping 
traditional power relationships in healthcare. We also highlight that 
such empowerment also comes with potential risks, as elaborated 
in Section 5.4. 

4.2 (Informational) Facilitating 
Patient-Provider Communication 

Patients’ diaries and interviews revealed that LLMs also acted 
as scaffolds for patient-provider communication. This scaffolding 
strengthened patients’ self-expression prior to consulting clinicians, 
guided the focus during the discussion, and empowered patients to 
sustain and expand their agenda beyond the clinical visits. 

4.2.1 Strengthening Self-Expression and Preparation Before Clinical 
Encounters. In traditional clinical visits, patients often struggle to 
describe their conditions accurately to doctors, leading to vague or 
incomplete information. Our results show that the role of LLMs in 
this respect was significant. Specifically, 18 out of 25 participants 
pointed out that, LLMs guided them to produce accurate, clear, and 
professional descriptions of their symptoms (e.g., “LLM told me to 
describe changes in wound exudate and sensations during movement 
to the doctor.” (P02, Day 3)), reminded them to record key health 
indicators (e.g., “AI asked me to observe the color and texture of secre-
tions with a cotton swab every day.” (P18, Day 13)), and prompted 
them to prepare relevant materials before the clinical encounter 
(e.g., “AI suggested I bring previous case records, test results, and 
allergy history.” (P20, Day 4)). 

Additionally, some participants noted that LLMs helped them 
rehearse diagnostic reasoning by highlighting key symptoms to 
recall and present. The case provided by P13 in the interview could 
illustrate this role very well: 

“AI told me the typical symptoms of otitis media, such as 
pus discharge and buzzing or muffled sounds in the ear. 
I started to self-diagnose and thought it might be otitis 
media. When I asked the doctor, he said, ‘Are you sure 
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you heard the obvious popping sound?’ I said yes. Then 
the doctor immediately checked again and confirmed 
[the diagnosis].” 

4.2.2 Guiding Communication Focus and Efficiency During Clinical 
Encounters. In many countries, such as China where our study was 
conducted, healthcare resources are limited and patients’ clinical 
encounter times are notoriously brief as emphasized by our partici-
pants (often lasting only a few minutes). In this context, in addition 
to preparing before the counter, our participants further empha-
sized LLMs’ significant roles during the encounter, helping them 
structure their questions and maximize the value of the limited 
time with clinicians. As P05, a patient with gastric issues, wrote on 
Day 8: 

“The LLM taught me how to precisely explain my con-
dition to the doctor, including specific symptoms during 
flare-ups, dietary triggers, and physical states. [...This] 
improved efficiency.” 

In the highly efficient but hurried environment of outpatient 
clinics, LLM could help patients convey key information efficiently. 
In other cases, LLMs also encourage our participants to enter clinics 
with targeted agendas rather than asking less relevant questions. For 
example, P17, a patient with periodontitis, wrote on Day 10 that she 
prepared three specific questions (“crown materials, postoperative 
chewing, and discoloration”) based on the LLM’s suggestions. 

Additionally, patients also noted that LLMs guided them to be 
more proactive in seeking clarification. As P13 reflected in her Day 
12 diary: “Sometimes doctors won’t give a direct answer. The final 
decision is still up to me... The LLM then told me how to guide the 
doctor into giving a more definite response.” 

4.2.3 Empowering and Sustaining Patient Agenda-Setting 
Across/After Encounters. Through continuous LLM scaffolding and 
reshaping their agency, many participants developed habits of 
entering clinics with clear agendas and sustaining active dialogue 
during follow-ups and cross-stage communication. As P06 wrote in 
her 14th diary about LLM-enabled self-monitoring and adjustment: 

“LLM told me some very important points: physiological 
changes may last only 1–2 days, while pathological ones 
last more than three days and come with abdominal 
pain... So I judged it to be physiological.” 

Other participants also described how LLMs inspired them to 
expand their medical agendas. For instance, P06, a patient with 
ovarian endometrioma, explained in the exit interview: 

“I usually only had abdominal ultrasound and Ca19-9 
for follow-ups... I hadn’t thought about sex hormone 
panels. The LLM suggested this, and I realized it was 
more suitable and necessary for me to pay attention to.” 

Taken together, LLMs facilitated patient-provider communica-
tion not only by preparing patients to articulate and organize their 
concerns before encounters, but also by helping them focus their 
questions during visits and sustain agenda-setting across stages. 
Through these roles, patients no longer relied exclusively on hu-
man doctor-led Q&A formats. Instead, they became capable of self-
observation, preparation, and structured communication, which 

enhanced both efficiency and quality. These effects were ampli-
fied by the specific conditions of the Chinese healthcare system, 
where structural constraints on time and continuity make such 
communication support particularly salient. 

4.3 (Emotional) Providing Emotional Support 
and Companionship 

Emotional support and companionship are also central roles of 
LLMs. Our diary analysis shows that emotional support was one 
of the most frequently mentioned functions, with all participants 
acknowledging it and more than half of the daily entries referring to 
it. Nearly every participant recorded abundant descriptions of LLMs’ 
emotional support, such as “I felt reassured after asking”, “it reduced 
my anxiety”, and so on. Further, such an emotional supporting 
role is dynamic, situated in patients’ healthcare-seeking journeys, 
and deeply entangled with the local sociocultural and healthcare 
context, where stigma around certain conditions, perceived power 
distance with clinicians, and limited psychosocial support in clinical 
encounters can leave patients feeling isolated. 

4.3.1 Everyday Companionship and Care. Across long healthcare-
seeking journeys, emotional fluctuation and anxiety are common 
for patients. Our study found that, with its broad knowledge and 
constant availability, the LLMs gradually became an everyday com-
panion. Many participants noted that LLMs addressed their anxiety 
through providing clear, structured explanations of their health 
issues, which in turn provided a strong sense of assurance for them. 
As P06 mentioned in her 19th diary: 

“I always feel dizzy, and often get anxious because of 
the dizziness. Today, the LLM suggested that it might 
be due to low blood pressure and provided a complete 
breakdown from ‘why low blood pressure occurs’ to 
‘how to alleviate it’, ‘possible impacts’, and ‘when to 
seek care’... making me feel respected and guided with 
a sense of reassurance.” 

In contrast to the crowded, noise-filled, and efficiency-driven 
atmosphere of large public hospitals, LLMs offered a private, patient-
centric space for emotional release. Participants frequently con-
trasted the efficiency required of clinicians against LLMs’ accessi-
bility (always available for any questions) and conversation style 
(a certain degree of empathy). As P20, a patient with knee disease, 
mentioned during the interview: 

“I feel that the relationship between me and the LLM 
is quite equal. You can be extremely detailed and com-
pletely unreserved without worrying that your question 
might be dismissed... In contrast, some doctors in hospi-
tals may show impatience.” 

The interactive experience led participants to develop distinct 
role perceptions of the LLMs, aligning with their complemen-
tary partnership role with clinicians on the behavioral level (Sec-
tion 4.1.2). For instance, they came to regard the LLM as “a con-
siderate companion, instead of a rigid robot that only recites preset 
rules or scripts” (P08), “an old friend who understands my troubles, 
instead of a condescending doctor” (P05), and “a friend who stays 
with me anytime, instead of just a tool for looking up information ” 
(P13). Such experiences allow patients to express their confusion 



CHI ’26, April 13–17, 2026, Barcelona, Spain Cao et al. 

and pour out their anxieties anytime, anywhere, without hesitation. 
For instance, P08, who has only used LLM tools a few times before 
joining the study, noted in her 25th diary: 

“At the beginning, I thought it [the LLM] was just a ma-
chine that only recites rigid rules. But my feelings are 
completely different [now]. Chatting with it feels like 
chatting with an old friend who understands my trou-
bles, rather than listening to rigid preaching. It doesn’t 
give me advice in a condescending way like many doc-
tors do; instead, it considers my feelings from my per-
spective... I feel very warm and secure.” 

4.3.2 Buffering Anxiety in Critical Moments. Beyond daily com-
panionship, our study suggested that LLMs also provided patients 
with a significant “emotional buffer” during many critical health-
care moments, such as before clinical encounters, before surgeries, 
while awaiting test results, or when doctors are making major de-
cisions, helping patients cope with uncertainty and intense stress. 
For instance, P04, who was dealing with gynecological issues yet 
stigma concerns, wrote in her 14th diary: 

“As a young person, I feared that doctors or others would 
hold stereotypical views of me, thinking I ended up need-
ing gynecological checks because of reckless behavior. 
After talking to Doubao [an LLM], I felt encouraged... 
and went to get checked. ” 

Participants also noted that compared to the tension that may 
arise from direct cues like a doctor’s facial expressions or tone 
of voice, LLMs were usually gentle and caring, which effectively 
helped them relieve intense psychological stress. As P06 mentioned 
during the interview: 

“Sometimes when I visit a doctor in person, if the doctor 
frowns, my heart skips a beat. I get really nervous and 
feel awful. But the LLM is more gentle; it gives me 
psychological preparation and comfort... Whether the 
outcome is good or bad, I feel much more at ease.” 

Additionally, many participants pointed out that LLMs offered 
patients crucial “knowledge buffering”, which indirectly serves as 
an emotional buffer. They could help patients know what to ex-
pect, thereby alleviating their tension and anxiety. Our participants 
emphasized that this type of companionship was more effective in 
reducing stress. For example, P17 wrote on the day of her surgery 
(Day 8): 

“I need to have surgery today, with general anesthesia, 
and I felt a bit flustered. I talked to the LLM and asked 
many questions. It patiently explained various things 
to me, including what preparations to make, potential 
risks, and post-surgery precautions. After our chat, I felt 
much more at ease. When I’m emotionally upset, my 
friends might comfort me with kind words, but the LLM 
offers not only verbal comfort, but also very specific 
advice.” 

4.3.3 Situated Emotional Effects (sometimes negative). While the 
aforementioned positive emotional impacts, our diary analysis 
also identified some negative emotional impacts brought by LLMs, 
which were primarily attributed to the functional limitations of 

LLMs. For instance, the failure to accurately recognize user intent 
(e.g., “I wanted advice for at-home care, but it kept telling me to see a 
doctor right away.” (P13, Day 10)), short memory and inconsistent 
advice (e.g., “It can’t remember what I asked yesterday, and its advice 
today often contradicts what it gave yesterday.” (P20, Day 3)), inabil-
ity to provide clear answers (e.g., “It elaborates on with all sorts of 
analyses but never gives a clear conclusion.” (P23, Day 2)), etc. 

Some participants also felt that the LLM’s formulaic responses 
lacked sincerity, which in turn reduced their trust in it. For instance, 
P13 mentioned in the interview: “I often feel like it’s a player 3 who 
just repeats the same lines to everyone, then moves on to the next 
one right away.” Additionally, a small number of participants noted 
that the broad, all-encompassing knowledge presented by the LLMs 
might, to some extent, increase their anxiety. As P13 recorded in 
her 1st diary: “It told me that an ear infection could affect the cranial 
nerves, and that drinking too much coffee would make it worse. It 
made my condition sound so serious.” 

Further, we also found that users’ emotional perceptions of the 
LLM are strongly situated with the type of questions they asked. 
Relatively, patients gave more positive feedback when consulting 
about lifestyle-related issues such as diet, exercise, and rehabilita-
tion, and more negative feedback when asking about more special-
ized, in-depth questions, for which clinicians may be more suitable. 
Moreover, a patient’s health status can also influence their emo-
tional experiences toward LLMs. For example, P5 wrote in her 23rd 
diary: “I wasn’t feeling well today. I was already a bit impatient 
myself, and the LLM’s answers were rambling and unsatisfactory in 
many ways. After asking, I felt even worse.” 

Taken together, our findings suggested that LLMs play a cru-
cial role as emotional supporters throughout patients’ healthcare 
journeys. It establishes a continuous, situated companionship with 
patients, enabling them to experience companionship, respect, care, 
or feel more anxious and frustrated. Meanwhile, the potential neg-
ative experiences further suggest the importance of them being 
more contextually aware, as will be discussed in Section 5. 

4.4 (Cognitive) Scaffolding Patients’ 
Sensemaking and Knowledge 

During the practical healthcare-seeking process, patients often en-
countered difficulties in understanding professional terminology, 
missed important health or medical details, or felt hesitant to ask 
certain questions. In these moments, the LLM acted as an interpre-
tive partner, helping patients translate, extend, and contextualize 
the professional information they received from clinicians, and 
scaffolding their sensemaking and knowledge. 

4.4.1 Making the Implicit Explicit and Understandable. Because of 
the extreme time pressure in local clinical settings, clinicians often 
provided concise, high-level guidance rather than detailed expla-
nations. For instance, a doctor might mention that surgery was 
necessary without elaborating on the exact process (P17, Day 7), 
or prescribe medication without specifying usage details and pre-
cautions (P13, Day 4). This “high-efficiency” communication style 
assumes a level of patient health literacy or compliance that often 
does not exist. In these situations, the LLM played a crucial role in 

3Player (haiwang,海王 in Chinese) refers to the person who maintains casual 
romantic relationships with multiple people at the same time. 
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translating difficult, abstract medical terminology into content that 
was both easy to understand and easy to act upon, while also filling 
in the details that clinicians left unspoken or that patients missed at 
the time. For example, P17 used the LLM to learn the detailed steps 
of a laryngoscopy; P13 and P03 asked about the exact dosage and 
method of using prescribed drugs; and P19 and P02 used it to clarify 
the implicit meanings in diagnostic reports. Participants empha-
sized that such detailed clarifications were essential for extending 
clinical advice into daily routines. 

In these scenarios, the value of the LLM lies not only in supple-
menting the health knowledge but also in restructuring the format 
and narrative of knowledge itself to help patients better understand 
these concepts. In doing so, the LLM made implicit professional 
assumptions explicit, enabling patients to move from structured 
understanding to actionable knowledge. This decompression role 
was particularly important in the local healthcare system, where 
structural pressures often leave clinicians little time for detailed 
explanation and where patients may have limited access to health 
education resources outside the hospital. 

4.4.2 Sensemaking Beyond the Clinical. Diary data from our par-
ticipants further revealed that beyond reconstructing complex med-
ical knowledge, the LLM also served as a gap-filler in patients’ 
healthcare-seeking journeys, providing nuanced, sensitive, and 
multi-dimensional details outside the scope of medicine, answering 
questions that clinicians might dismiss as trivial, patients might feel 
embarrassed to ask, or that were forgotten in the rush of clinical 
encounters. For example, P8, after surgery, asked the LLM whether 
she could do housework; P05 raised sensitive gynecological ques-
tions with the LLM, free from the discomfort of being judged by 
doctors; and P09 even asked fortune-telling-like questions during 
moments of anxiety, seeking psychological comfort. This scaffold-
ing role meant that patients’ sensemaking was no longer confined 
to clinical diagnosis and medical treatment alone, but extended into 
postoperative recovery, daily self-care, emotional adjustment, and 
lifestyle decisions. This not only builds synergies with complemen-
tary roles with clinicians (Section 4.1.2), but also provides additional 
evidence that the LLMs are blurring the boundary between daily 
well-being scenarios and healthcare. 

Taken together, this section highlights the role of LLMs as power-
ful cognitive scaffolds in patients’ healthcare-seeking journeys. By 
transforming implicit professional language into actionable guid-
ance and filling in knowledge gaps beyond the clinic, LLMs enabled 
patients to apply medical advice to their daily lives, fostering holis-
tic sensemaking that linked expertise with lived experience. These 
functions are deeply shaped by, and responsive to, the specific struc-
tural features of the local healthcare system (where primary care 
and community-based support infrastructures are still developing), 
while also pointing to forms of support that may be relevant in 
other resource-constrained or hospital-centric settings. 

5 Discussion 
Our study demonstrated that the role of LLMs goes far beyond 
providing medical information or supporting diagnoses; instead, 
they are deeply embedded in patients’ healthcare-seeking journeys, 
continuously shaping decision-making, communication, emotional 
support, and sensemaking. These findings reveal the diverse and 

situated roles that LLMs play in practice, which are often over-
looked in existing discussions centered primarily on efficiency and 
accuracy. In what follows, we draw on our findings to examine 
more deeply how LLMs should be repositioned in healthcare and 
how they reconfigure patient–provider-AI relationships. We also 
discuss the important ethical risks associated with patients’ adop-
tion behavior of LLMs, ending by outlining design implications for 
future research. 

5.1 Repositioning the Role of the LLM: 
Multi-layered, Dynamic, and Interwoven 
Effects 

As mentioned in Section 2.3, much of the existing literature and 
public discourse positions LLMs primarily as powerful tools for 
specific health tasks such as information seeking, triage, and de-
cision support, often with a focus on efficiency and accuracy in 
clinical workflows [75, 163, 166, 169]. At the same time, emerging 
HCI and health informatics work has begun to foreground patients’ 
perspectives on AI, including how they want decision power to 
be shared between clinicians and AI systems [71], and how peo-
ple appropriate general-purpose LLM chatbots for emotional and 
therapeutic support in mental health contexts [66, 128]. Together, 
these studies argue that LLMs are not merely computational tools, 
but socio-technical actors whose roles are negotiated, situated, and 
value-laden. 

In particular, recent work on LLMs for mental health has shown 
how users craft idiosyncratic support roles for chatbots, filling gaps 
in everyday care and seeking validation, emotional containment, 
and preparatory support for therapy [66, 128]. Conceptual work in 
health informatics and AI ethics similarly points to LLMs as reshap-
ing patient agency, access, and vulnerability in global healthcare [8]. 
While these studies already move beyond a narrow “information 
provision” framing [26], they largely focus on mental health con-
texts or speculative decision scenarios, and typically examine single 
episodes or relatively short-lived interactions. 

Our study extends and deepens these perspectives by showing 
how LLMs are woven into longitudinal, somatic healthcare-seeking 
journeys that span multiple phases of care. Rather than focusing on 
mental health conversations in isolation or hypothetical decision 
vignettes, we trace how patients appropriate LLMs over time across 
symptom appraisal, clinical encounters, post-consultation sense-
making, recurrence monitoring, and everyday life. In this process, 
LLMs do not function only as diagnostic or decision-support tools; 
they emerge as continuous socio-technical partners whose roles 
are multi-layered (behavioral, informational, emotional, cognitive), 
dynamic (shifting as the trajectory unfolds), and interwoven (each 
layer shaping and being shaped by the others). Our findings thus 
empirically substantiate, and move beyond prior claims that LLMs 
“go beyond information provision” by showing how they reorganize 
the temporal and relational aspects of healthcare-seeking itself. 

Building on these findings and prior scholarship, we argue for 
repositioning LLMs in healthcare: from task-bounded tools toward 
situated, dynamic boundary companions embedded in patients’ lon-
gitudinal journeys. This notion connects to, but is distinct from, 
earlier HCI concepts such as boundary objects and boundary nego-
tiating artifacts in patient-generated data [32, 84], and relational 
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agents designed to maintain long-term therapeutic alliances [16, 17]. 
Boundary objects and boundary negotiating artifacts emphasize 
how shared representations (e.g., self-tracking data) mediate collab-
oration between patients and clinicians [32], while relational agents 
are carefully designed conversational systems that build rapport 
and continuity around specific health behaviors [17]. By contrast, 
the boundary companion we observe is not a purpose-built artifact 
or domain-specific agent, but a general-purpose, open-ended LLM 
that patients themselves enlist, configure, and re-interpret across 
the trajectory, allowing it to simultaneously mediate data, decisions, 
relationships, and emotions. We unpack three key boundaries it 
traverses. 

First, the LLM traverses the interpersonal and informational 
boundary between patients and clinicians. This boundary is 
traditionally marked by limited medical resources, power dynamics, 
and knowledge gaps. Our findings show LLMs acting as translators 
and communication facilitators (Section 4.2, 4.4). They helped pa-
tients deconstruct complex medical terminology, prepare structured 
questions, and rehearse symptom descriptions before appointments 
(Section 4.2.1). This process transformed patients from passive recip-
ients into active, prepared participants, enabling them to challenge 
or collaboratively refine treatment plans with their clinicians (Sec-
tion 4.1.3) and thus reconfiguring the traditional power dynamic 
between patients and doctors. 

Second, it crosses the contextual boundary between the clin-
ical setting and the patient’s everyday well-being. While clini-
cians provide professional, high-level directives, LLMs translated 
these into the “specifics of everyday life,” such as how to prepare 
certain foods or break exercise into manageable steps (Section 4.4.1). 
They addressed granular concerns—from postoperative care and 
diet to managing mood (Section 4.1.2)—that fall outside the scope 
of a typical clinical visit. This role extends healthcare beyond the 
episodic encounter, embedding it into the continuous elements of a 
patient’s life and supporting a more holistic model of well-being. 

Finally, the LLM blurs the functional boundary between cog-
nitive decision-making and affective emotional support. Our 
findings reveal that these two aspects are not separate but deeply in-
tertwined domains. The LLM provided “knowledge buffering” (e.g., 
explaining a surgical procedure in detail), which directly served as 
an “emotional buffer” by demystifying the unknown and reducing 
anxiety (Section 4.3.2). Receiving a clear, structured explanation 
(Section 4.4.1) for a worrying symptom provided a sense of reassur-
ance and control (an affective outcome) (Section 4.3.1). This fusion 
of roles demonstrates that effective health support is not just about 
delivering correct information and knowledge, but about delivering 
it in a way that fosters emotional well-being. 

By fluidly navigating these interpersonal, contextual, and func-
tional boundaries, the LLM emerges not as a static tool but as a 
dynamic companion that integrates disparate facets of the health-
care experience. Drawing on this conceptualization, we suggest 
that future research and design should recognize the potential of 
LLMs as boundary companions, shifting the focus from diagnostic 
accuracy or efficiency alone toward their longitudinal, situated, and 
multidimensional engagement in patients’ health journeys. 

5.2 Reconfigured Patients’ Agency, Trust, and 
Power 

Our findings also reveal LLMs are reconfiguring traditional dynam-
ics of patients’ agency, trust, and power in healthcare, wherein 
clinicians often hold epistemic authority and patients are expected 
to adopt relatively passive roles, accepting diagnoses and treatment 
plans [67, 107]. The integration of technologies has undoubtedly 
reshaped this relationship. Previous HCI work, for instance, has 
documented how patients seek to gain more active roles through on-
line health communities [94], peer support [61], or personal health 
tracking [70]. 

Our findings join this research thread, showing that LLMs en-
abled patients to claim greater agency and power in their healthcare 
journeys. For instance, our results showed that patients use LLMs 
in preparing themselves before clinical encounters (Section 4.2.1), 
sustaining agendas across stages (Section 4.2.3), comparing alter-
native treatment options, and even challenging clinicians’ recom-
mendations (Section 4.1.3). This process reflects a redistribution 
of trust, as patients calibrated their confidence by cross-validating 
between LLMs’ advice and clinicians’ guidance, sometimes plac-
ing equal weight on both. In turn, this recalibration reconfigured 
power relations: patients, empowered with LLMs’ scaffolding, no 
longer positioned themselves as passive recipients of expertise but 
as active negotiators capable of shaping healthcare decisions. 

These reshaped relationships resonate with theoretical discus-
sions of “epistemic authority” and “knowledge asymmetry” in med-
ical sociology [57], but also extend them by showing how LLMs 
can act as socio-technical mediators that equip patients to contest, 
reinterpret, and negotiate medical authority. In this sense, the role 
of LLMs goes beyond providing knowledge to actively restructure 
the medical decision-making process, shifting the patient-provider 
relationship toward more dialogical and bilateral forms. 

This newfound agency, however, is a double-edged sword that 
poses strong accuracy expectations and ethical risks for using LLMs 
in healthcare-seeking. Although patients can be more empowered 
with the support provided by LLMs, their lack of medical knowl-
edge may hinder them from carefully distinguishing the errors and 
hallucinations introduced by LLMs, a problem of AI over-reliance 
identified by the HCI community [55, 150]. The danger lies not just 
in factual inaccuracies, but in the persuasive and seemingly em-
pathetic veneer of authority that LLMs project. A well-organized, 
comprehensive, and reassuring answer (Section 4.3.1) might be 
trusted for its tone and structure rather than its clinical validity, lead-
ing to misplaced confidence. This creates a state of fragile agency, 
where patients are empowered to act (e.g., by challenging a doctor’s 
advice), but this empowerment is built on a potentially unstable 
foundation. In such scenarios, the patient unknowingly shoulders 
a greater burden of clinical responsibility, making high-stakes deci-
sions without the expertise to fully assess the risks. The LLM lowers 
the barrier to accessing medical information, but not to obtaining 
medical expertise, creating a new and complex landscape of patient 
risk. 

We thus argue that future work on LLMs in healthcare must 
explicitly recognize and navigate these reconfigurations of agency, 
trust, and power. Doing so not only highlights opportunities for pa-
tient empowerment but also surfaces the profound ethical tensions 
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that arise from it. This raises critical questions around how to de-
sign for responsible empowerment: How can we support patient 
agency while mitigating the risks of misinformation? What mecha-
nisms are needed for accountability when this fragile agency leads 
to harm? By foregrounding these dynamics, our study emphasizes 
the need to carefully design and evaluate patient-LLM–provider 
relationships in real-world healthcare settings. It makes clear that 
LLMs do not simply act as assistants but actively and fundamen-
tally reshape the socio-technical ecosystem of care, with all the 
opportunities and perils that they entail. 

5.3 Situating LLM in the Chinese Healthcare 
System 

Our study was conducted within the Chinese healthcare system, 
characterized by hospital-centric care, high patient volumes, and a 
still-developing primary care infrastructure [26, 88]. Particularly, 
the highly strained medical resources, limited consultation time, 
and strong culture of professional authority often mean that physi-
cians in China hold absolute epistemic dominance, while patients 
are generally expected to assume a compliant and passive role in 
accepting diagnoses and treatment plans [12, 88]. Within this con-
text, patients typically lack the space for two-way communication 
with their doctors and are deprived of channels to both obtain infor-
mation and express their preferences. Our study, however, reveals 
that the introduction of LLMs is fundamentally restructuring the 
long-standing knowledge asymmetry–power inequality paradigm. 

First, the LLM functioned as a proxy for missing primary care, 
filling a specific structural void. Unlike systems with established 
gatekeepers (e.g., primary care providers, PCPs), Chinese patients 
often bear the burden of self-triage [172]. In our study, the LLM 
helped patients identify critical signals and filter relatively minor 
illnesses, which are typically performed by PCPs or general practi-
tioners (GPs) in other systems. By stitching together fragmented 
episodes of care, the LLM acted less as a substitute for specialists 
and more as essential infrastructure for the missing generalist layer. 
Second, the pervasive phenomenon of long waiting times and short 
consultation times [167] positioned the LLM as an overflow valve for 
clinical pressure. The extreme time scarcity in public hospitals often 
forces a transactional efficiency where emotional support and de-
tailed education are sacrificed. The LLM provided a psychologically 
safer space for asking naive questions and exploring alternatives 
without the pressure of clinical hierarchies. This allowed patients 
to effectively extend the clinical encounter, obtaining the detailed 
sensemaking (Section 4.4.1) and emotional buffering (Section 4.3.1) 
that the current human-based system could not provide. Third, 
China’s rapid digitization and the proliferation of domestic LLMs 
(e.g., Doubao, DeepSeek) facilitated a rapid normalization of these 
roles. The low barrier to adoption and high cultural familiarity 
with mobile health technologies likely accelerated the depth of 
integration we observed, enabling patients to quickly treat LLMs 
as companions rather than just tools. 

It is important to note that patients’ use of LLMs is not inherent, 
but rather shaped by the surrounding healthcare and cultural con-
text [130, 133]. The specific structural and cultural characteristics of 
Chinese healthcare system not only influence how patients incorpo-
rate LLMs into their practices, but also amplify the potential impact 

LLMs can have within this environment. In such a setting, LLMs 
do not merely function as instruments for information provision 
or decision support, but also as a new socio-technical mediator, 
filling gaps left by an underdeveloped primary-care system, extend-
ing the temporal and emotional boundaries of clinical encounters 
[50, 167], and reconfiguring long-standing asymmetries in medical 
knowledge and power. The effectiveness of LLMs thus lies not only 
in their technical performance, but in how they become embed-
ded across patients’ longitudinal healthcare journeys, taking on 
roles that were previously distributed across disparate institutions, 
personnel, and systems. 

More importantly, our study implies that the greatest impact of 
LLMs may not emerge in resource-rich, structurally mature health-
care systems, but rather in settings where resources are strained, 
knowledge asymmetries are pronounced, and patients shoulder 
substantial burdens like China. In such environments, LLMs shift 
from being optional add-on tools to becoming adaptive companions 
and emergent infrastructures woven throughout patients’ every-
day healthcare practices. Building on our findings, we call for a 
reconsideration of how LLMs should be evaluated and designed 
for healthcare. LLMs’ value cannot be adequately assessed solely 
through diagnostic accuracy or performance on isolated tasks; in-
stead, it must be understood within the real, continuous, relational 
dynamics of healthcare-seeking. By foregrounding these dynam-
ics, we emphasize the need for future design to navigate the com-
plex coexistence of empowerment and risk, and to carefully shape 
new forms of collaboration among patients, LLMs, and healthcare 
providers. 

5.4 Risks in the Dark when Extending LLMs 
beyond Decision-Support Tools 

Despite LLMs’ known risks of information inaccuracy, hallucina-
tions, and lack of contextual understanding that we mentioned 
in Section 2.2, as well as the potential negative emotion im-
pact in Section 4.3.3, people have already started to embrace 
them in their healthcare-seeking journeys beyond simple Q&A 
tools [66, 128, 164]. In addition to the fragile agency mentioned 
above, there are other safety and ethical risks that emerge when 
patients start to ascribe roles to LLMs that go far beyond decision-
support. These risks are often subtle, operating “in the dark” because 
they are intertwined with the very benefits we observed. 

For instance, the trade-off is most apparent in the LLM’s role 
as an emotional companion. LLMs could provide everyday reas-
surance and an “emotional buffer” in critical moments, alleviating 
patient anxiety (Sections 4.3). The risk, however, is the potential for 
misplaced calm. A patient might be reassured by an LLM’s gentle 
and comprehensive-sounding explanation for a symptom that, in 
reality, warrants urgent medical attention. Here, the tool’s effective-
ness in providing emotional comfort could directly lead to a delay 
in care. Furthermore, a long-term reliance on a non-human agent 
for emotional support in health matters could create an unhealthy 
dependency, masking underlying mental health issues like severe 
health anxiety that require professional human intervention. The 
companion that makes a patient feel "respected and understood" 
might also inadvertently isolate them from human support systems. 
This mirrors the risks of “artificial intimacy” identified recently 
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in the HCI community [19, 127], where the simulation of empa-
thy fosters an “illusion of companionship” [9, 31]. In high-stakes 
health contexts, this illusion is particularly risky, as it may obscure 
the system’s lack of genuine accountability or capability for crisis 
intervention [173]. 

A similar tension exists in the LLM’s informational and cogni-
tive scaffolding roles. Patients felt empowered by LLMs that helped 
them prepare for clinical encounters and translate complex med-
ical advice into actionable steps (Sections 4.2 and 4.4). Personal 
informatics literature has long cautioned that digital tools do not 
simply reflect reality but actively curate it, often rendering specific 
aspects of illness invisible to clinicians [32, 76]. When an LLM 
helps a patient prepare to describe their symptoms, it is not merely 
organizing information; it is shaping a narrative. If the LLM’s un-
derlying analysis is flawed, it could prime the patient to emphasize 
irrelevant details while omitting critical ones, sending the human 
clinician down the wrong diagnostic path. Likewise, when the LLM 
“decompressed” a doctor’s concise advice into detailed daily actions, 
it filled the gaps with its own logic. An error here is not a simple 
factual mistake but a plausible-sounding, actionable instruction 
that could be subtly incorrect and harmful over time, a risk the 
patient has little capacity to evaluate. Notably, such risks appear 
more pronounced as AI literacy decreases. As participants with 
higher literacy tended to draw on prior experience, enabling them 
to remain attentive upon potential errors and maintain calibrated 
judgments about the system’s reliability. Conversely, lower-literacy 
users often lacked the capability understanding required to judge 
response credibility. While this reduced sensitivity to errors poten-
tially increased users’ satisfaction with the tool, it also left them 
more susceptible to over-trust and its potential harms. This vul-
nerability echoes the automation bias [34], exacerbating the risk 
of users accepting harmful advice simply because it is articulated 
with professional tone and structure. 

Data privacy concerns constitute another critical dimension of 
the risks. LLMs themselves may inadvertently leak user-uploaded 
private information through various mechanisms [73, 153], such 
as potential misuse [79] or incorporation into future model train-
ing [175]. The increasingly powerful capabilities of LLMs encourage 
users to share rich, in-depth, and even private content [4, 87]. Fur-
thermore, the illusion of intimacy mentioned above may lead users 
to conflate human-like empathy with human-like privacy account-
ability [80, 177]. This false sense of security leads to inadvertent 
sensitive disclosure, which is significantly amplified in the health-
care domain. We also observed similar phenomena in our study, 
where a lack of insight into LLM mechanisms fosters misplaced 
trust, particularly among users with relatively lower AI literacy. 
Addressing this challenge demands a multifaceted strategy such as 
local data anonymization [28, 68, 159], enhanced patient privacy 
literacy [91], and robust regulatory frameworks [112]. 

Ultimately, as LLMs become longitudinal boundary compan-
ions, we must be concerned with more than just the validity of 
their individual outputs. The greater risk may lie in their cumu-
lative, often invisible, influence on the patient’s entire healthcare 
journey. The advantages that make the LLM a powerful compan-
ion [59, 176]—its ability to traverse cognitive, emotional, and be-
havioral domains—also make its potential for harm more systemic 
and harder to pinpoint. In addition to correcting factual errors 

from LLMs, future LLM-based health applications should also be 
fully aware of and prepared for the significant risks of the effects 
of a subtly skewed communication dynamic, a falsely reassured 
emotional state, or a pattern of self-care built on a foundation of 
flawed sensemaking. These are the risks that lurk in the dark, and 
they demand that our focus shift from merely ensuring accuracy to 
safeguarding the integrity of the patient’s holistic experience and 
decision-making process. 

5.5 Design Implications for Future 
LLM-Powered Healthcare Applications 

Our findings on the multifaceted roles of LLMs offer critical in-
sights for the future design of LLMs in healthcare. We propose the 
following design directions that embrace the LLM’s potential as a 
boundary companion while mitigating the risks associated with 
reconfigured patient agency and the subtle dangers that emerge. 

Designing for Relational Continuity, Not Just Contextual 
Awareness. Our study shows that patients want to engage with 
LLMs as longitudinal companions, yet current models with short-
term memory often fail to support this, leading to frustration (Sec-
tion 4.3.3). Long-term memory for chatbots is an active research 
direction, which could mitigate this issue by fostering familiar-
ity, which could encourage users to disclose health information, 
strengthen their perception of the system, and form long-term 
relationships or even [65]. However, the design challenge is not 
merely to add memory but to design for relational continuity, a 
concept supported by relational agent literature, which suggests 
that maintaining a sense of shared history and "remembering" past 
interactions is fundamental to building alliances [15, 18]. There-
fore, instead of one-off Q&A sessions, future systems should be 
designed to build and maintain a relationship over a patient’s entire 
healthcare journey. This could involve: (i) Dynamic patient sum-
maries: Creating evolving summaries that capture not only clinical 
facts (e.g., diagnoses, medications) but also patient-specific context, 
such as their communication preferences, emotional state, and key 
concerns expressed over time; and (ii) Integrating patient-provider 
dialogue: With patient consent, the LLM could be aware of key 
advice from clinicians. This would enable it to act as a more effec-
tive translator and scaffolder, helping patients turn "the clinician’s 
advice into specific daily actions" without contradicting the core 
treatment plan. This reinforces the LLM’s complementary role and 
helps maintain a cohesive care narrative [32, 76]. Crucially, ground-
ing the LLM’s continuous support in the clinician’s expert guidance 
serves as a critical check against the systemic risk of the LLM subtly 
misdirecting a patient’s journey over time. 

Designing for Responsible Empowerment and Trust Cali-
bration. Our concept of fragile agency highlights a critical ethical 
tension: LLMs empower patients but also expose them to risks 
from misinformation, as they may lack the expertise to vet the 
LLM’s advice. The design goal must shift from simply warning 
users about inaccuracies to actively designing for responsible em-
powerment. This is especially vital given the risks are not just overt 
error but also misplaced calm that can delay care or subtle mis-
direction that can flaw communication with clinicians. Existing 
work on human-AI collaboration suggests that explicitly signaling 
system limitations or uncertainty can effectively calibrate user trust 
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and reduce automation bias [78, 105, 158]. This requires moving 
beyond static disclaimers and creating interfaces that help patients 
calibrate their trust in real time. For instance, instead of deliver-
ing all information with the same confident tone, LLMs could be 
designed to express uncertainty explicitly [144]. When discussing 
less-established treatments or ambiguous symptoms, the UI could 
visually differentiate speculative information from evidence-based 
guidelines, with phrases such as “Here are a few possibilities being 
explored by researchers, but they are not standard practice...”, acting 
as a direct countermeasure to the risk of false reassurance with 
overly confident tone [105]. Besides, rather than being an answer 
machine, the LLM could act as a Socratic partner. When a patient 
considers a significant action (e.g., challenging a doctor’s plan), the 
LLM could prompt critical reflection: “What are the main reasons 
you’re considering this alternative? What are your biggest con-
cerns about the doctor’s original recommendation?” This approach 
empowers patients not by giving them answers, but by equipping 
them with better questions and a more structured thought process, 
thereby making their agency more robust [69, 147]. 

From Information-Giving to Scaffolding Health Literacy. 
Our findings show that one of the LLM’s cognitive roles was 
to decompress dense medical advice into understandable, action-
able knowledge (Section 4.4.1). Future designs should formalize 
this educational role by focusing on scaffolding long-term health 
literacy, as emphasized by the personal informatics community 
on going beyond providing data but supporting users’ sensemak-
ing [95, 109]. To ensure genuine understanding, the LLM could 
employ a "teach-back" method, a proven clinical communication 
technique [120, 145]. After explaining a concept, it could ask the 
patient to tell the LLM back in the patient’s own words what this 
means. This transforms passive information consumption into ac-
tive learning. Such interactive validation is a crucial safeguard, 
ensuring the patient has truly understood the nuances of the ad-
vice, and mitigating the risk of them acting on subtly misinterpreted 
or incorrectly "decompressed" guidance. Meanwhile, LLM systems 
could move from providing lists of suggestions to collaboratively 
creating personalized plans with the patient. For example, after 
discussing post-operative recovery, the LLM could help the patient 
co-author a simple daily schedule that incorporates the doctor’s 
advice on medication, diet, and light exercise, making abstract guid-
ance concrete and integrated into their lived reality. In this way, the 
LLM serves as a sustained partner, building the patient’s capacity 
and confidence to navigate their own health journeys. 

Self-Guardian Infrastructures to Improve Reliability. In 
addition to the patient-facing aspects of design, adopting a self-
guardian and self-tracking infrastructure is a potential solution to 
reduce risks from the technical perspective. While the above sug-
gestions focus on shaping the human-AI interaction, the internal 
architecture of the LLM system itself can be re-envisioned to be 
inherently safer and more reliable, reflecting the broader “Human-
Centered AI” framework, which advocates for reliable, auditable, 
and safe system architectures as a prerequisite for user trust [5, 121]. 
A multi-agent system is a viable solution for this [58, 74], moving 
beyond a single LLM to a collaborative ensemble of specialized 
agents that check and balance one another, where distinct func-
tions would be responsible for oversight. Some capabilities of such 
an infrastructure would include: continuous internal validation 

(systematically cross-referencing generated content against authen-
ticated medical knowledge bases or established clinical guidelines), 
and dynamic safety monitoring (assessing conversational context 
to identify potential risks). By embedding these self-monitoring 
and corrective functions directly into the system’s architecture, 
the burden of validation is shifted away from the patient. This ap-
proach provides a more robust technical foundation for responsible 
empowerment, allowing the LLM to more safely fulfill its complex 
roles as a longitudinal healthcare companion. 

5.6 Limitations and Future Work 
Our study has several limitations that point to important directions 
for future work. First, our qualitative analysis is based on patients’ 
diary reflections. While the data is rich, they do not include a fine-
grained analysis of the verbatim patient-LLM conversation data 
that could reveal deeper interactional nuances. Second, as discussed 
above, our study was conducted with 25 patients in China using 
specific LLMs available at the time; findings may differ across other 
cultural contexts, healthcare systems, and with more advanced 
or specialized LLM technologies. We posit that our core findings 
are likely generalizable to other healthcare systems facing similar 
pressures of time-scarcity and provider burnout globally [103, 140], 
yet future cross-cultural research is needed to disentangle these 
universal technological affordances from culturally specific adop-
tion patterns. Meanwhile, participants who joined the study may 
inherently favor the adoption of LLMs, which may lead to potential 
bias in our data analysis. Additionally, while our study spanned 
four weeks (which is already longer or comparable to other similar 
studies [46, 60]), future longer-term research could uncover the 
evolution over an extended timeframe of patients’ sense of con-
nection with the LLM, perceived advice helpfulness, and reliance 
patterns. Furthermore, our findings are centered entirely on the 
patient’s perspective, intentionally bracketing the crucial viewpoint 
of clinicians. Future research should therefore analyze these dy-
namics from multiple perspectives, including those of healthcare 
providers, to develop a holistic understanding of the reconfigured 
patient–doctor–AI triad. 

6 Conclusion 
In this paper, we presented a longitudinal diary study to examine 
how patients integrate LLMs into their healthcare-seeking jour-
neys. Our findings demonstrated that patients adopt LLMs not as 
simple diagnostic or decision-support tools, but as dynamic longitu-
dinal boundary companions that scaffold their experiences across 
informational, behavioral, emotional, and cognitive levels. This 
integration empowers patients as more active negotiators of their 
own care by reshaping relationships of agency, trust, and power. 
Our work suggests future directions for creating socio-technical 
systems that support relational continuity, foster responsible em-
powerment, and contribute to a safer and collaborative healthcare 
ecosystem across patients, LLMs, and clinicians. 
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Appendix: 

Table 3: Details of all LLMs used by participants in this study, categorized as general-purpose and health-focused. 

LLM Category Specific LLM Name Developer URL 

General-purpose 
LLM 

Doubao ByteDance https://www.doubao.com/chat/ 
DeepSeek DeepSeek AI https://www.deepseek.com/ 
Qwen Alibaba Cloud https://www.tongyi.com/ 
Kimi Moonshot AI https://www.kimi.com/ 
ChatGPT OpenAI https://chatgpt.com/ 

Health-focused 
LLM 

Xiaohe Health ByteDance https://www.tiktok.com/explore 

iFlytek Xiaoyi iFlytek https://chatdr.iflyhealth.com/ 
Baidu Lingyi Zhihui Baidu https://01.baidu.com/home/ 
JD Health JD Health https://ir.jdhealth.com/sc/index.php 

Zuoshouyisheng Zuoshouyisheng https://zuoshouyisheng.com/ 
AQ Ant Group https://www.alipay.com/ 

Table 4: Details of all diary questionnaires, including interaction contexts, the corresponding question categories, and the 
specific questions. 

Interaction Context Question Categories Specific Question 

Interaction with LLM(s) 

Specifics 
Did you consult more than one AI tool for health advice today? 
Which LLM(s) did you use? 

Rationale for the Interaction 
What was your primary reason for seeking health advice from the LLM today? 
[If applicable] What were your reasons for consulting multiple LLMs? 

Conversation Content Please provide the transcript (via link or screenshot) of your LLM conversation(s) today. 

Perceived Role What role did the LLM play in your health trajectory? 

User Experience 

Please describe your overall experience with the LLM interaction today. 
How did the LLM influence your emotional state today? 
Do you have any feedback on your interaction with the LLM today, such as unsatisfactory aspects 
or suggestions for future improvements? 

Interaction with human 
doctor(s) 

Reason for the Visit What was your primary reason for consulting human doctor(s) today? 

Clinical Outcomes Please summarize what you have discussed with the human doctor today. 

Perceived Role What role did the human doctor’s advice play in your health trajectory? 

Interaction with both 

Reason for Interacting with 
Both 

What were your reasons for consulting both the LLM and the human doctor for your health 
concern today? 

Perceived Relationship 
between the Two 

What were the key differences between the advice provided by the LLM and the human doctor? 
How do you perceive the relationship between the LLM and the human doctor in the context of 
the healthcare-seeking trajectory? 

Others - Do you have any other things you would like to share? 

https://www.doubao.com/chat/
https://www.deepseek.com/
https://www.tongyi.com/
https://www.kimi.com/
https://chatgpt.com/
https://www.tiktok.com/explore
https://chatdr.iflyhealth.com/
https://01.baidu.com/home/
https://ir.jdhealth.com/sc/index.php
https://zuoshouyisheng.com/
https://www.alipay.com/
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Table 5: Participants’ educational backgrounds and AI literacy levels. We report four representative items from the AI literacy 
scale, alongside the Total Score, which is calculated as the mean of all 12 items [154]. All scores in this table range from 1 to 7, 
with higher values indicating higher AI literacy. 

ID Education 
Device 

Distinction 
Tech 

Identification 
Capability 
Evaluation 

Misuse 
Vigilance 

Total Score 
(averaged) 

P01 Bachelor’s 7/7 5/7 5/7 5/7 5.8/7 

P02 Bachelor’s 6/7 6/7 5/7 5/7 6.1/7 

P03 Bachelor’s 7/7 6/7 7/7 5/7 6.2/7 

P04 Bachelor’s 7/7 5/7 5/7 6/7 6.0/7 

P05 Bachelor’s 6/7 5/7 5/7 4/7 5.4/7 

P06 Bachelor’s 6/7 5/7 6/7 5/7 6.3/7 

P07 Bachelor’s 6/7 5/7 3/7 2/7 5.3/7 

P08 Bachelor’s 5/7 5/7 5/7 3/7 4.8/7 

P09 Master’s 7/7 7/7 7/7 7/7 6.6/7 

P10 Bachelor’s 5/7 6/7 6/7 5/7 5.9/7 

P11 Bachelor’s 7/7 6/7 6/7 4/7 6.5/7 

P12 Bachelor’s 6/7 7/7 6/7 3/7 5.1/7 

P13 Bachelor’s 6/7 5/7 6/7 5/7 6.0/7 

P14 Bachelor’s 7/7 7/7 7/7 1/7 6.5/7 

P15 Bachelor’s 6/7 7/7 7/7 2/7 6.0/7 

P16 Bachelor’s 7/7 5/7 5/7 1/7 5.3/7 

P17 Bachelor’s 7/7 5/7 4/7 5/7 6.0/7 

P18 Bachelor’s 7/7 6/7 5/7 5/7 5.8/7 

P19 Bachelor’s 7/7 5/7 5/7 7/7 6.5/7 

P20 Bachelor’s 6/7 6/7 5/7 5/7 5.4/7 

P21 Bachelor’s 7/7 3/7 7/7 4/7 5.8/7 

P22 Bachelor’s 7/7 7/7 7/7 2/7 5.9/7 

P23 Bachelor’s 6/7 6/7 4/7 5/7 5.7/7 

P24 High School 4/7 5/7 2/7 1/7 5.3/7 

P25 Bachelor’s 5/7 6/7 6/7 6/7 5.9/7 
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