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Abstract
This paper presents a four-year longitudinal mixed-methods study conducted from 2022 to 2025. It investigates
the evolving attitudes of users toward conversational and generative AI-based Intelligent User Interfaces (IUIs) in
healthcare. The study initiated with 21 participants and retained 16 through completion. Findings reveal a dual-
trajectory model of engagement. While participant AI literacy demonstrated a consistent longitudinal increase,
overall support followed a non-linear trajectory. This path involved a phase of optimistic acceptance peaking in
2024 followed by a period of discerning recalibration in 2025. Quantitative analysis using RM-ANOVA confirmed
aspects of this pattern. Specifically, Perceived Usefulness showed a significant post-peak decrease (𝑝 = .006),
while behavioral acceptance stabilized. Qualitative data revealed that this recalibration was driven by deepen-
ing critical awareness of ethical complexities including privacy, accountability, and algorithmic fairness rather
than technical dissatisfaction. This work contributes a Critical-Dynamic Framework to HCI. It challenges linear
technology acceptance models by demonstrating how cognitive maturation triggers complex trust recalibration.
We translate these insights into design principles for next-generation medical IUIs. We advocate for systems
that prioritize trust calibration over maximization, foster human-AI collaboration over replacement, and embed
ethics and adaptive transparency as core infrastructure. These principles aim to support sustainable long-term
adoption in high-stakes healthcare contexts.
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1. Introduction

The emergence of large-scale generative artificial intelligence (AI) has initiated a significant trans-
formation in human-computer interaction, and the healthcare domain faces substantial potential for
disruption[1][2]. Intelligent User Interfaces (IUIs) powered by generative AI are transitioning from
theoretical concepts to tangible applications. These applications manifest as AI health chatbots, men-
tal wellness systems, and personalized health assistants[3][4][5]. Such systems aim to democratize
access to medical information, provide scalable support for chronic disease management, and offer
personalized guidance for daily well-being[6][7]. By simulating empathetic conversation and generat-
ing tailored health plans, these IUIs attempt to function as integral partners in the health management
process of the user[4][8].

However, the effective deployment of such systems in the high-stakes domain of healthcare
presents profound Human–Computer Interaction (HCI) challenges that extend beyond technological
capability[9][10]. The relationship between a user and a medical IUI constitutes an evolving partner-
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ship rather than a single transactional event, and it relies on the dynamic maintenance of trust[11].
The success of these technologies depends on the ability of the interface to facilitate appropriate trust
calibration. This process involves guiding users to understand the strengths of the system as well as
its limitations and uncertainties. While initial user acceptance is necessary, the long-term trajectory
of this trust determines whether these systems are sustainably adopted or ultimately abandoned. This
trajectory is shaped by ongoing interactions, evolving user literacy, and external technological devel-
opments. The IUI serves as the primary locus of this negotiation, as it mediates the mental model the
user holds regarding the complex internal mechanisms of the AI[12].

Existing research on technology acceptance in health has predominantly relied on cross-sectional
studies or static models. These approaches often fail to capture the dynamic and co-adaptive nature of
the human-AI relationship[13][14]. User perceptions are continuously reshaped as users gain experi-
ence and move from novice to expert status. Furthermore, the technology itself evolves rapidly in the
public consciousness[8]. A user who initially approaches a health AI with simple queries may learn
to probe its reasoning, challenge its outputs, and use it as a sophisticated tool for preparing for clin-
ical encounters over time[15][16]. This progression from initial curiosity to instrumentalization and
potentially to critical re-evaluation represents a gap in current understanding. A longitudinal perspec-
tive is therefore essential to uncover the mechanisms that govern the long-term viability and ethical
integration of IUIs in healthcare.

To address this gap, this paper presents findings from a four-year longitudinal, mixed-methods study
(2022–2025). The study tracks the evolving attitudes of an initial cohort of 21 participants, with 16
completing the study, toward conversational and generative AI in medicine. This period spans the
technological transition from earlier conversational agents to advanced large language models. We
chart the complex interplay between growing AI literacy among users and their shifting sentiments to
reveal a nuanced narrative of technological domestication. Our findings indicate a divergence. While
AI literacy and practical skills demonstrated a monotonic increase over the four years, overall support
for the use of the technology in healthcare exhibited a non-linear trajectory. This trajectory rose from
initial caution to optimistic acceptance and subsequently recalibrated to a discerning form of critical
usage. This recalibration signifies a sophisticated mental model derived from a deeper understanding
of the probabilistic nature of the technology and its inherent ethical complexities regarding privacy,
accountability, and bias[17].

This work offers three primary contributions to the IUI community. First, it provides a longitudi-
nal empirical account of how user attitudes toward AI technology evolve over an extended period of
significant technological and societal change. Second, it proposes a nuanced model of user attitude
formation that extends beyond simple acceptance to highlight the pivotal role of critical reflection in
shaping a mature human-AI relationship. Finally, it translates these findings into concrete design im-
plications for creating adaptive, transparent, and trustworthy IUIs that support users throughout their
evolving usage. To guide our investigation, we pose the following research questions:

• RQ1: What are the evolutionary trajectories of individuals’ attitudes toward the involvement of
generative AI-based IUIs in their healthcare?

• RQ2: What key events or factors trigger significant changes in these attitudes?
• RQ3: What are the implications of these evolutionary trajectories for the design of medical IUI
systems with long-term adaptability?

2. Related Works

Our research is situated at the intersection of HCI, health informatics, and the emerging field of human-
AI interaction. We focus specifically on the longitudinal evolution of user perceptions. This work
builds upon and extends three primary streams of literature: the study of trust dynamics in intelligent
systems, models of technology acceptance in high-stakes domains, and user-centered research on AI-
driven health interfaces. Appendix Table 1 provides an overview of representative categories of AI-
based Medical Intelligent User Interfaces. This overview includes their interface types with exemplary



applications, core functionalities, interface characteristics, target user groups, and underpinning AI
core technologies.

A central theme in our work is the dynamic nature of trust. This concept has been extensively ex-
plored within the HCI and AI communities[18][19]. Early models often treated trust as a relatively
static attribute. However, contemporary research emphasizes trust calibration. In this process, the
trust of a user in a system appropriately reflects the capabilities, limitations, and context of use of that
system[20][21]. This calibration is particularly critical in healthcare. Both under-trust, which leads to
the abandonment of useful tools, and over-trust, which leads to the uncritical acceptance of erroneous
advice, can have severe consequences[22]. The IUI plays a pivotal role in this process as it serves as
the primary channel through which the system communicates competence and uncertainty. Work
in Explainable AI (XAI) has shown that interfaces providing insight into the reasoning of the system
can improve trust and user performance[23][24][25]. Our findings contribute a crucial longitudinal
dimension to this discourse. We demonstrate that trust calibration is not a singular event but a contin-
uous and evolving process. The non-linear pattern of acceptance we observed, where initial optimism
yields to critical re-evaluation as user understanding deepens, suggests that effective IUIs must support
this continuous process. Systems must move beyond initial user orientation to facilitate ongoing and
critical engagement.

Classic frameworks for technology adoption, such as the Technology Acceptance Model (TAM) and
its successors, have provided foundational insights by identifying perceived usefulness and ease of
use as key drivers of acceptance[26][27]. While valuable, these models often capture a cross-sectional
analysis and may not fully account for the complexities of high-stakes domains like healthcare. HCI
research has increasingly moved towards nuanced and context-sensitive models that consider the user
journey over time[28]. The concept of technology domestication describes how novel technologies are
gradually integrated into and transformed by daily routines[29]. Our study empirically illustrates this
process in the context of generative AI[30]. The observed shift from users viewing the IUI as a simple
information retrieval tool to a sophisticated instrument for preparing for clinical encounters aligns
with this perspective. We extend this body of work by showing how increasing AI literacy functions
as a key factor in this domestication. This leads to a form of use characterized by discernment and
empowerment rather than uncritical adoption.

Finally, a significant body of user-centered research has investigated the specific challenges and
opportunities of IUIs in healthcare. Studies on health chatbots[31][32] and diagnostic aids[33] have
consistently highlighted key user concerns that align with our findings. These include apprehensions
regarding data privacy and real-world consequences such as insurance discrimination, the essential
requirement for human oversight and clear accountability structures, and the strong preference for AI
to function as an assistant to rather than a replacement for human clinicians[34]. Users often face a
fundamental tension. They are drawn to the convenience and accessibility of AI-driven support yet
remain wary of potential depersonalization and the loss of empathetic human connection[35]. While
existingwork hasmapped these issues, it has often done so at a single point in time. Our four-year study
contributes by revealing how the importance of these concerns evolves. For instance, we found that
fears regarding accountability and algorithmic fairness became more pronounced in the later stages of
our study. This shift occurred as the understanding of the technology among participants matured and
their reliance on it deepened. By charting this evolution, our work provides a detailed understanding
of the long-term design requirements for creating responsible and sustainably adopted medical IUIs.

3. Methods

To investigate the dynamic evolution of user attitudes toward generative AI in healthcare (RQ1) and
the underlying drivers of these changes (RQ2), we adopted a four-year longitudinal mixed-methods
research design spanning from 2022 to 2025. This design enabled the examination of the co-adaptation
between users and technology over time. This approach addresses the limitations of static and cross-
sectional approaches in capturing interactions with rapidly evolving technologies such as conversa-



tional and generative AI [36]. The mixed-methods approach supported both measurement and in-
terpretation. Validated quantitative scales administered annually tracked changes in AI literacy and
attitudes among participants. In-depth semi-structured interviews provided contextual explanations
for these shifts. These interviews revealed critical incidents and evolving mental models that underlie
the observed attitudinal changes.

3.1. Participants

We initially recruited 21 participants. To capture a diverse range of perspectives beyond the typical
tech-savvy university population, we employed a hybrid recruitment strategy. This strategy combined
online outreach through social media platforms (WeChat, Red Note, BILIBILI) and offline community
visits in Beijing, Tianjin, and Hebei. This approach yielded a sample with varied backgrounds and
levels of digital exposure.

The inclusion criteria required participants to be at least 18 years old, possess sufficient cognitive
and expressive abilities for the study, and demonstrate prior experience with digital health tools or
conversational interfaces. This criterion ensured that participants could meaningfully engage with
the evolving technology from the onset of the study in 2022. The exclusion criteria were designed to
minimize expert bias and ensure a focus on lay user perspectives. We therefore excluded individuals
with cognitive or communication impairments as well as those with direct conflicts of interest, such
as professionals or students in AI development or medical informatics.

The study received ethical approval from the Institutional Review Board (IRB) of the university. All
individuals were thoroughly briefed on the purpose, procedures, and potential impacts of the study.
They were assured of data anonymity and their right to review or delete their data. Participants were
also informed of their right to withdraw from the study at any time without penalty. Written informed
consent was obtained from all participants before the study commenced. Each participant received a
nominal compensation of 30 RMB per year.

The study commenced with an initial cohort of 21 participants. Over the four-year period, the study
experienced participant attrition. Two participants withdrew in 2023, two additional participants with-
drew in 2024, and four participants withdrew in 2025. This resulted in a final sample of 16 participants
who completed the entire longitudinal study. The primary reasons cited for withdrawal were personal
scheduling conflicts and loss of contact, rather than factors related to the study topic or trust in the
technology. The initial cohort of 21 participants had an age range of 19 to 45 years (M=27.43, SD=7.07).
As detailed in Table 2, the sample represented a diversity of genders, urban and rural backgrounds, ed-
ucational levels ranging from primary school to bachelor degrees, and professions including students,
teachers, editors, drivers, and managers.

3.2. Procedure

Data was collected annually from each participant in 2022, 2023, 2024, and 2025. Each yearly data
collection session adhered to a structured two-stage protocol to prioritize quantitative measurement
before qualitative exploration. The sequence involved collecting scale data (T1) prior to the interview
(T2) to minimize potential priming effects where the reflective discussion might influence self-reported
attitude scores. Throughout the longitudinal study, we documented the specific AI tools utilized by
participants to track technological adaptation. The reported tools evolved alongside the broader AI
landscape, transitioning from early retrieval-based health chatbots and symptom checkers (e.g., Baidu
Health, Dingxiang Doctor) in 2022 to advanced generative large language models (e.g., ChatGPT, Ernie
Bot) in 2024–2025.

In the first stage (T1), participants independently completed two online questionnaires. These in-
cluded the IUI and Generative AI Literacy Scale (Appendix Table 3) and the Attitudes toward Gener-
ative AI in Healthcare Scale (Appendix Table 4). These instruments quantitatively assessed the self-
reported knowledge of participants regarding conversational and generative AI technologies, alongside
their evolving perceptions of utility, risk, and trustworthiness.



In the second stage (T2), participants engaged in semi-structured interviews following the proto-
col outlined in Appendix Table 5 and 6. Interviews were conducted remotely using Tencent Meeting,
with durations ranging from 34 to 57 minutes. All sessions were audio-recorded following the acqui-
sition of participant consent. Interviewers completed standardized training in qualitative inquiry and
the technical fundamentals of generative AI. They followed the guide while retaining the flexibility
to investigate emergent themes. This approach facilitated the exploration of the rationale underlying
the quantitative results and captured personal narratives, critical incidents, and evolving mental mod-
els regarding medical AI. To ensure data fidelity, audio recordings were transcribed verbatim within
24 hours of each session. Two research team members independently reviewed and proofread each
transcript to verify accuracy and consistency.

3.3. Instrument Design

3.3.1. IUI and Generative AI Literacy Scale

To longitudinally track the evolution of participant understanding of conversational and generative AI,
we developed the IUI and Generative AI Literacy Scale (Appendix 3). This instrument was designed to
assess technical knowledge and systematically evaluate the maturity of the cognitive framework of the
user regarding this technology. The mental model of a user regarding how a system works influences
interaction strategies, trust, and the overall user experience. The scale comprises six items (A1–A6).
Each item targets a distinct facet of this evolving cognitive framework. The instrument employs a
5-point Likert scale ranging from Strongly Disagree to Strongly Agree to capture the intensity of self-
assessed literacy.

The itemswere constructed to represent a progression from foundational awareness to critical under-
standing. Item A1 establishes a baseline by assessing comprehension of core concepts regarding IUIs
and generative AI. Item A2 probes a higher level of understanding by asking participants to differen-
tiate between generative AI and traditional search engines. This distinction reflects an understanding
of the shift in interaction paradigms from keyword retrieval to dialogic co-creation. Item A3 measures
proactive engagement and continuous learning, which indicate a commitment to updatingmental mod-
els in response to rapidly changing technology. Item A4 assesses applied practice and gauges whether
the user has begun to utilize the technology in meaningful contexts such as learning or research.

The scale also incorporates psychological constructs central to HCI. Item A5 measures self-efficacy
and draws from the social cognitive theory of Bandura to assess the confidence of the user in their
ability to use the technology effectively. High self-efficacy is a predictor of technology adoption and
resilience in the face of errors. Item A6 probes the understanding of system principles, such as the
probabilistic nature of the model. This item assesses whether a user has moved beyond an opaque
conception of the system to a mental model that acknowledges inherent capabilities and limitations.

To ensure the robustness of this original contribution, we evaluated the reliability and validity of the
scale using the collected dataset (N=76). The scale demonstrated excellent internal consistency, with a
Cronbach’s Alpha of 0.98. The Kaiser-Meyer-Olkin (KMO) measure verified the sampling adequacy for
the analysis (KMO = 0.93). Bartlett’s test of sphericity indicated that correlations between items were
sufficiently large for factor analysis (𝑝 < .001). A principal component analysis revealed a single-factor
structure, with all six items exhibiting high factor loadings ranging from -0.93 to -0.97. These results
confirm that the IUI and Generative AI Literacy Scale is a reliable and valid instrument for measuring
user cognition in this context.

3.3.2. Attitudes toward Generative AI in Healthcare Scale

To quantitativelymeasure the evolving attitudes of participants toward the application of generative AI
in themedical domain, we developed the Attitudes towardGenerative AI inHealthcare Scale (Appendix
4). The design of this instrument aligns with HCI principles and moves beyond classic technology
acceptance models to address the complexities of the healthcare domain. Acceptance in this context



involves a trade-off between perceived benefits and perceived risks mediated by context-dependent
trust.

The scale contains four interconnected dimensions. Each dimension assesses a specific aspect of the
user stance. The first two dimensions are Perceived Usefulness (B1–B4) and Behavioral Acceptance
(C1–C4). These extend traditional acceptance frameworks. Perceived Usefulness assesses the degree
to which users believe the technology can enhance their health knowledge and management. Behav-
ioral Acceptance measures the willingness to use the IUI in specific scenarios ranging from low-risk
tasks such as preparing for a doctor visit to more sensitive applications such as seeking mental health
support.

The latter two dimensions are Contextualized Trust (D1–D4) and Perceived Risk (E1–E4). These are
central to the HCI approach of the study. The Contextualized Trust dimension facilitates the study of
trust calibration rather than treating trust as a single construct. Items D1 and D2 assess foundational
trust in the information provided by the AI. Items D3 and D4 specifically probe the understanding of
system boundaries and limitations, including the willingness to act without human confirmation. This
aligns with the goal of designing systems that foster appropriate trust. The Perceived Risk dimension
systematically captures barriers to adoption. These barriers include concerns regarding misinforma-
tion, data privacy, and clinical safety. This multi-dimensional design allows for an analysis of the
relationship between the perception of utility, trust in outputs, and sensitivity to inherent risks.

We evaluated the psychometric properties of the scale using the valid longitudinal dataset compris-
ing 76 observations. The instrument demonstrated excellent internal consistency across all dimensions.
Cronbach’s Alpha coefficients were 0.96 for Perceived Usefulness, 0.94 for Behavioral Acceptance, 0.95
for Contextualized Trust, and 0.95 for Perceived Risk. The Kaiser-Meyer-Olkin (KMO) measure was
0.96, verifying sampling adequacy. Bartlett’s test of sphericity was significant (𝑝 < .001), indicating
sufficient correlations for factor extraction. An Exploratory Factor Analysis with a four-factor extrac-
tion supported the multi-dimensional structure of the instrument. The analysis confirmed that the
items effectively differentiate between the theoretical constructs of utility, acceptance, trust, and risk.

3.3.3. Semi-Structured In-depth Interview Protocol for User Attitudes

To complement the quantitative data and examine the contextual factors regarding the evolving atti-
tudes of participants, we designed a semi-structured in-depth interview protocol (Appendix 5 and 6).
Within the HCI tradition, qualitative inquiry is essential for moving beyond descriptive perceptions to
understanding underlying reasoning. This protocol was developed to identify the nuances, cognitive
dissonance, and emotional aspects of the mental model of the user regarding medical AI. These aspects
are often inaccessible through structured scales alone.

The protocol follows a progressive structure that guides the participant from general topics to spe-
cific and emotionally significant ones. This design intentionally establishes a comfortable context be-
fore addressing sensitive topics related to trust and risk. The interview is organized into five modules:

1. Foundation and Context (Q1–Q6): This initial module gathers demographic data and assesses
the technological readiness and domain experience of the participant. This provides a contextual
basis for interpreting subsequent responses.

2. Priming and Initial Perception (Q7–Q9): This section uses open-ended and associative inquiry
regarding concepts such as an AI physician to elicit the initial mental model of the user. It serves
to identify baseline assumptions and emotional perspectives before more structured probing
begins.

3. Core Exploration (Q10–Q25): This module constitutes the primary focus of the interview and
systematically explores five key HCI themes. It investigates Perceived Usefulness by contextual-
izing the discussion within a complete user journey from symptom onset to recovery (Q10). It
examines acceptance boundaries by asking users to define prohibited applications and to weigh
trade-offs between convenience and discomfort in sensitive areas such as mental health (Q16).
The protocol directly addresses the issue of trust by exploring its formation (Q18), vulnerability



regarding system opacity (Q19), and potential for repair following failure (Q20). Finally, it in-
vestigates Risk Perception and Ethics by prompting users to articulate and prioritize concerns
regarding privacy (Q23) and to evaluate the complex issue of accountability (Q24).

4. Role Outlook and Emotional Synthesis (Q26–Q28): The concluding module invites participants
to synthesize their perspectives using metaphorical descriptions (Q26) and summary statements
(Q27). This provides a holistic view of the final stance of the user and captures the emotional
dimensions of their relationship with the technology.

This protocol is designed as a flexible framework rather than a rigid script to facilitate in-depth
inquiry. The objective is to explain the quantitative findings and generate context-specific insights
that can directly inform the design of transparent, trustworthy, and human-centered intelligent user
interfaces for healthcare.

3.4. Data Analysis Method

We employed a mixed-methods approach to analyze the data. This allowed us to triangulate find-
ings and develop a comprehensive understanding of the user experience over the four-year period.
The quantitative and qualitative data were analyzed in parallel and subsequently integrated. This in-
tegration allowed the statistical trends to be explained by the explanatory context derived from the
interviews.

For the quantitative data collected from the scales, we calculated the mean score for each of the five
core dimensions for every participant in each year. These dimensions included AI Literacy, Perceived
Usefulness, Behavioral Acceptance, Contextualized Trust, and Perceived Risk. To analyze the change
over time, we conducted a series of one-way repeated measures Analyses of Variance (ANOVAs). This
statistical method assesses changes in a continuous dependent variable across multiple time points
within the same subject group. The within-subjects factor was Year with four levels corresponding
to 2022, 2023, 2024, and 2025. The dependent variables were the mean scores for each of the five
dimensions. We applied the Greenhouse-Geisser correction to the degrees of freedom in cases where
the assumption of sphericity was violated as indicated by Mauchly’s test. For all significant ANOVA
results, we performed post-hoc pairwise t-tests with a Bonferroni correction to identify specific years
that differed significantly. Statistical significance for all tests was established at an alpha level of 𝑝 <
.05.

For the qualitative data obtained from the semi-structured interviews, we conducted a reflexive the-
matic analysis following the six-phase framework established by Braun and Clarke [37][38]. This
method was selected for its flexibility and suitability for identifying patterns of meaning across the
dataset. Two researchers analyzed the transcripts through an iterative process. Phase one involved
data familiarization through repeated reading of the transcripts from all four years. Phase two in-
volved systematic coding where researchers independently generated initial codes to capture semantic
and latent features relevant to the research questions. In phase three, these codes were collated into
potential themes. Phases four and five involved a collaborative review process where researchers re-
fined the themes against the dataset and defined clear definitions and names for each theme. This
collaborative consensus approach ensured that the final themes were coherent and distinct. The final
themes were used to structure the qualitative results and to elucidate the rationale behind the statistical
patterns observed in the quantitative analysis.

4. Results

4.1. Quantitative Results

To provide a comprehensive overview of the longitudinal trends, we first present the aggregate trajecto-
ries of the four attitude dimensions in Figure 1. The plot illustrates the mean scores and 95% confidence
intervals for each year, highlighting the distinct evolutionary paths of user perceptions. Following this



aggregate view, the individual participant trajectories visualized in Figures 2–6 reveal the granular lon-
gitudinal patterns across the five core dimensions of the study. The heatmaps demonstrate a consistent
linear increase in AI literacy scores. They also illustrate the non-linear trajectories observed in atti-
tudes toward usefulness, acceptance, and trust, alongside the stabilization of risk perceptions over the
four-year period.

4.1.1. The Monotonic Rise of AI Literacy

The first hypothesis posited a continuous increase in the AI literacy of participants. The quantitative
data supports this hypothesis. The mean AI Literacy score rose steadily from a baseline of (𝑀 = 1.34,
𝑆𝐷 = 0.33) in 2022 to a high value of (𝑀 = 4.87, 𝑆𝐷 = 0.22) in 2025. The RM-ANOVA revealed a large
and statistically significant effect of Year on AI Literacy scores (𝐹(3, 45) = 364.45, 𝑝 < .001, 𝜂2𝑔 = .92).
Bonferroni-corrected post-hoc tests confirmed that this increase was significant for every consecutive
year-to-year comparison including 2022 versus 2023, 2023 versus 2024, and 2024 versus 2025 (all 𝑝𝑠 <
.001). This provides statistical evidence for consistent growth in the cognitive understanding and self-
efficacy of users regarding generative AI over the four-year period.

4.1.2. The Wave-Like Trajectory of User Attitudes

In contrast to the linear rise in literacy, the three primary attitude dimensions including Perceived
Usefulness, Behavioral Acceptance, and Contextualized Trust exhibited non-linear trajectories. The
analysis suggests a pattern of increase followed by stabilization or adjustment. RM-ANOVAs showed
a significant main effect of Year for all three dimensions: Perceived Usefulness (𝐹(3, 45) = 160.37,
𝑝 < .001, 𝜂2𝑔 = .78), Behavioral Acceptance (𝐹(3, 45) = 189.19, 𝑝 < .001, 𝜂2𝑔 = .86), and Contextualized
Trust (𝐹(3, 45) = 166.24, 𝑝 < .001, 𝜂2𝑔 = .80).

Post-hoc tests showed significant increases from 2022 to 2023 and from 2023 to 2024 across all three
dimensions (all 𝑝𝑠 < .001). This corresponds to a period of optimistic acceptance. The critical compar-
ison concerned the transition from the 2024 peak to 2025. Perceived Usefulness declined significantly
over this interval (from𝑀 = 4.59, 𝑆𝐷 = 0.51 to𝑀 = 4.34, 𝑆𝐷 = 0.48; 𝑝 = .006). This provides statistical
evidence of a shift in perceived utility. Conversely, Behavioral Acceptance and Contextualized Trust
exhibited numerical decreases (from 𝑀 = 4.17 to 𝑀 = 3.94 and from 𝑀 = 3.87 to 𝑀 = 3.68) that did
not reach statistical significance.

Overall, the three attitude dimensions demonstrated behaviors distinct from a simple linear increase.
While Perceived Usefulness showed a statistically significant decline in the final phase, Behavioral Ac-
ceptance and Contextualized Trust indicated a trend toward stabilization. These statistical results pro-
vide the structural framework for the qualitative findings, which investigate the contextual reasoning
behind these shifts in attitude and the boundaries of trust.

4.1.3. Evolution of Perceived Risk

In the analysis of Perceived Risk, the scoring was inverted to establish a direct correlation between
higher values and elevated levels of concern. The RM-ANOVA demonstrated a significant main effect
of Year (𝐹(3, 45) = 133.95, 𝑝 < .001, 𝜂2𝑔 = .70). Post-hoc comparisons indicated that risk concerns
peaked in 2022 (𝑀 = 4.77, 𝑆𝐷 = 0.36). A significant decrease occurred in 2023 (𝑀 = 3.67, 𝑆𝐷 = 0.79)
and subsequently in 2024 (𝑀 = 2.58, 𝑆𝐷 = 0.82) (all 𝑝𝑠 < .001). However, no significant difference
emerged between 2024 and 2025 (𝑀 = 2.68, 𝑆𝐷 = 0.58). This indicates that following the initial decline,
risk perception stabilized. This stability implies that increased user knowledge led to a consistent and
defined assessment of technological risks rather than their elimination.

4.2. Qualitative Findings

The thematic analysis of the four-year interview transcripts revealed a comprehensive narrative that
elucidates the statistical trends presented above. The evolution of user attitudes toward generative AI



in healthcare is shaped by two distinct yet interconnected trajectories. The first is a consistent longitu-
dinal rise in the AI literacy of participants and the sophistication of their mental models regarding the
technology. The second is driven by this cognitive maturation and represents a non-linear evolution
of attitudes. This trajectory moves from initial caution to optimistic acceptance and finally to a dis-
cerning and critical stance. These themes illustrate the process of technological domestication where
users transform from passive recipients into empowered and critical partners in their interaction with
medical IUIs.

4.2.1. Progression from Conceptual Ambiguity to Instrumental Utility

Corresponding with the quantitative findings, the qualitative analysis confirmed a continuous and
significant increase in the AI literacy of participants from 2022 to 2025. This cognitive growth unfolded
across three distinct and successive levels including conceptual understanding, application capability,
and critical awareness.

First, the conceptual understanding of participants evolved from vague analogies to a clear and
functional mental model. In the early stages of the study, perception was frequently anchored to
simpler technologies. As P3 stated in 2022, ”I thought it was just a more advanced Siri, something
that could only chat.” By the middle of the study, however, users began to articulate the fundamental
paradigm shift represented by generative AI. P11 provided a sharp distinction in 2024: ”Its essential
difference from a search engine is creating answers not listing links, which determines that our interaction
should be a dialogue, not a keyword battle.” This demonstrates a sophisticated grasp of the interactive
and generative capabilities of the IUI.

Second, this conceptual clarity translated into a shift in application capability as users moved from
tentative exploration to skilled instrumentalization. Participants evolved from being passive informa-
tion consumers to proactive problem-solvers who leveraged the IUI as a tool. For instance, P5 described
a systematic workflow in 2023: ”I now use it to get preliminary interpretations of obscure medical terms,
and even ask it to simulate a doctor’s perspective to question the symptom descriptions I’ve prepared, help-
ing me to identify any gaps.” This instrumentalization of the AI, where it becomes an integrated part
of the health management process of a user, established a foundation for initially positive attitudes.
By 2025, this proficiency was widespread as 17 participants reported they were very familiar with the
process of using generative AI.

Finally, as their understanding deepened, participants developed a conscious and critical awareness
of the underlying mechanisms of the technology. They moved beyond an opaque view to a nuanced
appreciation of its probabilistic nature. This fostered skepticism and served as a prerequisite for effec-
tive trust calibration. The reflection of P6 in 2025 was particularly insightful: ”The more I understand
its principle is based on probability and big data, the more clearly I know its boundaries. Its confidence
might just be a mimicry, and what I need is for it to also clearly tell me under what circumstances its
judgment has the highest uncertainty.” This transition from unconscious acceptance to a critical and
informed perspective represents the final stage of cognitive maturation and establishes the context for
the subsequent recalibration of their overall attitude.

4.2.2. Non-Linear Evolution of Attitudes: From Optimistic Acceptance to Discerning
Recalibration

In contrast to the linear progression of cognition, the support of participants for generative AI in health-
care followed a distinct non-linear trajectory. This pattern was quantitatively confirmed to resemble
a progression involving a rise, a peak, and a subsequent recalibration. This suggests that user attitude
is not a simple function of knowledge but rather a complex negotiation shaped by different stages of
cognitive maturation.

Phase 1 (2022–2024): The Rise to Optimistic Acceptance During the initial two years of the
study, the support for and trust in medical IUIs rose significantly as participant understanding grew.



This period was driven primarily by two factors including the demystification of the technology and its
successful instrumentalization in daily life. Initially, a lack of understanding generated distrust. How-
ever, as users developed a basic mental model of how the AI functioned, this apprehension subsided
and was replaced by an appreciation of practical value. As P2 noted in 2024: ”Knowing that it just
answers questions by learning from massive amounts of data made it feel less mysterious, and I became
more daring to use it.”

This newfound comfort was solidified as participants began to integrate the AI into their health
routines and leveraged it as both a tool and a form of digital support. They found tangible value in using
the IUI for information consolidation, preparation for clinical visits, and chronic disease management.
The AI was framed as a constant and non-judgmental resource. P19 explained in 2024: ”It is like
having a personal medical librarian with me at all times who never gets tired. It helps me organize all the
information, making me feel more confident when I face a real doctor.”

Phase 2 (2024–2025): The Recalibration to a Discerning Stance This peak of optimism was
followed by a statistically significant decrease in support scores between 2024 and 2025. The qualitative
data reveals that this was not a reversion to technological resistance but rather the emergence of a
mature and critical consciousness triggered once cognitive literacy crossed a specific threshold. As
users moved beyond functional utility, they began to engage in deeper ethical and societal reflections.

This critical turn manifested in three key areas. First, there was a reassessment of precision as users
began to question the privacy trade-offs inherent in personalization. P18 reflected in 2025: ”The more
precise the plan it provides, the more I wonder how much of my data it has collected. And where does
that data end up?” Second, as reliance on the tool deepened, the questioning of responsibility became
acute. Abstract utility was weighed against concrete risks. P12 stated in 2025: ”I used to just think it
was useful, but now I wonder, what if it is wrong? Who is responsible? If no one takes the blame, then I can
not completely entrust myself to it.” Finally, users began a reflection on the human-AI relationship itself.
Eleven participants expressed a newfound wariness of over-reliance. P10 articulated this concern in
2025: ”For a while, I asked it almost everything. But then I got scared. I was afraid I would lose the
ability and patience to communicate with real doctors, and I also feared the coldness of everything being
an algorithm.”

In summary, the decline in support observed in 2025 represents the ultimate expression of user
maturation. It marks the transition from naive technological optimism to a sophisticated and critical
partnership. The concluding thought of P14 in 2025 encapsulates this nuanced relationship: ”I know it
better now than I did four years ago, and I also fear it more. But this fear is not the ignorance and rejection
of the past, but a sober respect. I know how much it can do, and more importantly, how much it cannot.
I will still use it frequently, but I will no longer trust it without reservation. Perhaps this is the healthiest
relationship we can have with AI.”

4.2.3. Domain-Specific Thematic Evolution

Beyond the overarching trajectories, the analysis revealed significant evolutions within specific the-
matic domains. These shifts regarding how users perceive the usefulness of the IUI, establish bound-
aries, form trust, and assess risk provide detailed insights for designing future systems.

Transition from Information Retrieval to Proactive Health Management The perception of
participants regarding the usefulness of the IUI evolved significantly over the four years. Initially,
in 2022, most viewed it as an efficient information retrieval tool. P1 noted: ”I used it to check what
medicine to take for a cold. It was faster than Baidu and the explanation was clearer.” This utility was
largely confined to the information level. However, by the period between 2023 and 2024, expectations
had shifted toward personalized and proactive health management. Users began to desire an IUI that
could synthesize data and provide anticipatory insights. P5 described an ideal scenario in 2024: ”I hope
that after I input that I have been feeling fatigued lately, it does not just give me a list of possible causes,
but combines it with the persistently high resting heart rate data from my wristband to remind me that



my fatigue might be related to decreased sleep quality and potential stress.” This reflects a desire for the
IUI to transition from a reactive respondent to a proactive sense-making partner. Despite this, users
consistently maintained clear boundaries for the capabilities of the AI and established strict limitations
around severe, acute, and emotionally profound health issues. P6 emphasized in 2025: ”I can accept it
helping me analyze abnormal indicators in a physical examination report, but if it is persistent chest pain
or a suspected tumor, I would never consult an AI. The empathy of a machine is ultimately a program and
cannot replace the warm companionship of a human doctor when diagnosing cancer.”

Context-Dependent Acceptance and Human-Centric Boundaries User willingness to engage
with the IUI was dependent on the specific context and perceived risk of the task. For low-stakes
activities such as light symptom consultation (C1) and preparing for a doctor visit (C4), acceptance
was generally high. P11 mentioned in 2023: ”I was very nervous before seeing the dentist, so I used
the AI to simulate the questions the doctor might ask. I felt much more prepared.” However, when the
context shifted to sensitive domains such as mental health support (C3) or long-term personal data
logging (C2), acceptance boundaries became defined. While acknowledging convenience, a distinct
discomfort emerged. P17 articulated this tension in 2024: ”Confiding my deepest anxieties and secrets
to an algorithm? That sounds pathetic. Behind that convenience is a sense of digital-age loneliness. I
might use it for a mindfulness guide, but I would never treat it as an emotional anchor.” This highlights a
paradox for IUI design where users desire the efficiency offered by AI but resist applications that they
feel might diminish essential human experiences or expose them to clinical risk.

Dynamics of Trust: Transparency, Authority, and Repair Mechanisms The construction of
trust was a multi-faceted process. Throughout the study, participants consistently emphasized the
importance of transparency and authoritative endorsement as foundational elements of trust. P16
stated in 2025: ”I need to know why it reached this conclusion. If it can show me, step-by-step, which
latest clinical guidelines it referenced and its reasoning process, I will trust it more. It would be even
better if it were certified by major hospitals like Xiehe or Huashan.” The opacity of many AI systems was
identified as a primary barrier to trust. P11 asked in 2023: ”I cannot trust a doctor who cannot even
explain the reasons for its judgment. Where is the AI intuition built upon? Data? Which data?” Findings
also revealed that trust is a dynamic and potentially reparable construct. P10 shared an experience in
2024 where trust was restored following a failure: ”Last year, it misidentified the symptoms of a common
skin disease, and I was angry. But later, its system proactively pushed a correction notice, explaining the
reason for the error and the update. This act made me feel it was alive and responsible, so I was willing
to give it another chance.” This suggests that IUIs with transparent error-correction and accountability
mechanisms can rebuild user trust.

Privacy Concerns, Accountability, and Algorithmic Fairness Among the various risks dis-
cussed, data privacy (E2) was the most prominent concern across all four years. The fears of par-
ticipants were linked to concrete and negative real-world consequences. P15 explained in 2024: ”What
I fear most is not receiving ads, but that my health data will be obtained by insurance companies, leading to
me being denied coverage or charged higher premiums in the future. Or worse, my employer finds out and
it affects my promotion.” The issue of accountability (Q24) prompted intense discussions. When asked
to assign responsibility for an AI-induced medical error, the response of P4 in 2023 represented a desire
for a systemic solution: ”It has to be a chain! The developing company must bear the main responsibility,
the hospital that introduced it without proper supervision should also be responsible, and the doctor who
blindly follows the AI. The patient has the least responsibility because they are in the weakest position.”
Furthermore, concerns about algorithmic fairness (Q25) and the potential for AI to exacerbate health
disparities grew over time. P5 expressed this concern in 2025: ”Good AI will definitely be given to the
upper class first. Technology sometimes widens the gap, it does not narrow it.”



Future Role of the IUI as an Assistive and Augmentative System When asked to describe the
ideal role of AI in future healthcare using a metaphor (Q26), participant answers converged on a vision
of assistance and augmentation rather than replacement. The metaphors included a tool like a stetho-
scope (P9, 2023) which emphasized its role as an extension of clinician abilities, a knowledgeable and
tireless intern (P14, 2023) which acknowledged information-processing power but implied the need
for supervision, and a health navigator (P2, 2025) which highlighted its potential as a guide through a
complex healthcare journey. Summarizing the four-year progression, the primary sentiment was one
of caution mixed with optimism. The reflection of P8 in 2025 captures this collective perspective: ”I
am more and more optimistic about its capabilities. But I am also increasingly vigilant about the problems
it might bring. Overall, I think it is an incredibly sharp double-edged sword. What we need to learn is not
to throw it away, but how to wield it safely.”

5. Discussion

5.1. Cognitive Maturation and the Emergence of Critical Awareness

In response to RQ1, the longitudinal data reveals a dual trajectory of attitude evolution characterized
by the continuous development of instrumental cognition and the subsequent emergence of ethical
and societal critique. The positive attitudinal shift from 2022 to 2024 was driven by the progressive
development of instrumental cognition, where users transitioned from ambiguous concepts to func-
tional mental models. Participants distinguished the generative nature of the system from traditional
search paradigms, leading to increased perceived usefulness and ease of use—core constructs of clas-
sic technology acceptance models. Consistent with foundational HCI research on mental models, this
functional understanding shaped interaction strategies, allowing users to instrumentalize the AI for
efficiency and psychological reassurance while mitigating initial uncertainty [39][40].

However, as cognitive literacy exceeded a critical threshold, critical reflection became the dominant
force shaping the 2024–2025 phase, marking a transition from passive reception to empowered, critical
partnership. Users shifted focus from functional efficacy to operational mechanisms and societal con-
sequences, aligning with the HCI community’s emphasis on value-sensitive design [41]. This critical
turn involved examining the technology’s fundamental nature: concerns regarding datafication and
surveillance emerged alongside apprehensions about accountability in decision support. Furthermore,
users renegotiated the human-AI relationship, expressing vigilance against over-reliance and the po-
tential erosion of empathy and moral responsibility inherent in human clinician-patient interactions.

Consequently, the observed decline in support scores in 2025 signifies not technological rejection,
but the formation of a mature user mental model—transforming from uncritical optimism to discerning,
pragmatic critique. This perspective, which acknowledges AI capabilities while remaining vigilant of
risks, constitutes the psychological foundation for sustainable human-AI collaboration in healthcare.
Extending theories such as the Computers as Social Actors (CASA) paradigm, these findings demon-
strate that deeper cognitive engagement leads to a calibrated partnership rather than unconditional
adoption, underscoring the necessity of transparency and ethical design in long-term IUI acceptance
[42][43].

5.2. Design Implications for Next-Generation Medical IUIs

In response to RQ3, our longitudinal findings on the evolving user-AI relationship necessitate a funda-
mental rethinking of design principles for next-generation medical IUIs. The observed trajectory from
optimistic acceptance to discerning recalibration indicates that systems must be capable of dynamic
adaptation. This adaptation must address user competence as well as evolving ethical sensibilities and
trust calibration needs. Future systems must surpass functional intelligence to become contextually
adaptive, ethically reflexive, and relationally adept. They should evolve from static tools into collab-
orative partners that support the longitudinal cognitive and critical development of the user. This
necessitates a shift in HCI design paradigms that moves beyond usability and initial acceptance to



foster long-term, sustainable, and ethically grounded human-AI collaboration in healthcare. The fol-
lowing subsections delineate concrete design implications derived from the four-year study and focus
on the foundational components of trust calibration, human-AI teaming, embedded ethics, and lifelong
co-adaptation.

5.2.1. Designing for Trust Calibration

A paramount design imperative emerging from the data is the need to actively support trust calibration
rather than the simplistic maximization of trust. In the high-stakes domain of healthcare, over-trust
presents a significant safety hazard that potentially leads to the uncritical adoption of erroneous advice.
Conversely, under-trust results in the abandonment of potentially beneficial tools. The progression of
participants toward a discerning stance underscores the necessity for IUIs to facilitate an appropriate
alignment between user trust and the actual capabilities and limitations of the system. This aligns
with the focus of the HCI community on transparent and XAI but extends it by emphasizing the lon-
gitudinal and dynamic nature of this process[44]. Design must therefore create interfaces that make
the reasoning, confidence, and boundaries of the AI perceptible and understandable throughout the
relationship with the technology.

Concretely, this can be operationalized through several HCI-informed strategies. First, explanatory
interfaces should move beyond presenting a final answer to visualizing the reasoning process of the
system. This includes explicitly communicating uncertainty by presenting differential diagnoses with
associated confidence intervals or qualitative indicators such as high, medium, or low certainty. It
also involves citing the key evidence or guidelines underpinning conclusions. Furthermore, systems
should proactively flag areas where medical knowledge is rapidly evolving or contentious to manage
user expectations. Second, visualizing capability boundaries is crucial. The IUI should be designed
to explicitly and intuitively communicate its competencies and incompetencies. For example, upon
detecting symptom descriptions indicative of acute conditions such as chest pain or severe abdominal
pain, the primary response of the system should not be an informational answer but a clearwarning and
an immediate pathway to human emergency services. Finally, incorporating mechanisms for dynamic
trust adjustment canmake the system responsive to real-time needs. The IUI could monitor interaction
patterns, such as user hesitation or repeated questioning on a topic, and interpret these as signals for
required clarity. This could subsequently trigger more detailed explanations or offer an escalation path
to a human expert. This approach transforms the IUI from a non-transparent system into a transparent
partner. It empowers users tomake informed decisions about when and how to rely on outputs, thereby
fostering a mature and sustainable form of trust that is essential for long-term adoption in healthcare.

5.2.2. Fostering a Human-AI Teaming Interaction Paradigm

A consistent theme emerging from the longitudinal data is the preference of users for an assistive and
augmentative role for AI in healthcare. This view fundamentally opposes a narrative of replacement.
The collective user vision articulated through metaphors such as a stethoscope or health navigator
necessitates a shift in interaction design paradigms from creating autonomous AI entities to crafting
collaborative human-AI teams. This alignswith theHCI discourse on human-AI collaboration and joint
activity which emphasizes the importance of shared goals, mutual understanding, and complementary
strengths[45][46]. The design challenge is not to maximize the autonomous capabilities of the AI but
to optimize the collaborative efficacy of the human-AI dyad. This ensures that the IUI enhances rather
than disrupts the agency of the user and pre-existing healthcare relationships[47].

Translating this philosophy into concrete design requires a focus on three key areas. First, explicit
role articulation must be embedded into the system architecture. The language, visual design, and
interaction flow should consistently reinforce the identity of the system as an assistant. For instance,
following an AI-generated analysis of symptoms, the interface could explicitly state that the analysis is
intended to support understanding and preparation but that the final diagnosis and treatment planmust
be developed in consultation with a healthcare provider. This moves beyond a simple disclaimer and



actively frames the AI output as one component of a larger clinical decision-making process. Second,
design should aim to augment and scaffold human-human interaction, particularly the clinician-patient
relationship. Instead of bypassing the doctor, the IUI can be designed as a tool that empowers the
patient for more productive clinical encounters. For example, it could help users generate a structured
summary of their symptom history, a timeline of key events, or a list of prepared questions for their
appointment. This effectively makes the patient a better-informed partner in the consultation. This
approach resonates with the HCI concept of interactional empowerment where technology equips
users with better resources for human communication. Finally, providing seamless and low-friction
transition mechanisms to human experts is a critical feature for maintaining the appropriate boundary
and user safety. When a user query exceeds the competence of the system or when the user expresses
a desire for human contact, the IUI should facilitate the transition. This could involve an immediate
option to connect to a human-operated chat service, schedule a telehealth call, or be provided with
direct contact information for relevant support lines. By designing for this collaborative continuum,
we create IUIs that users are more likely to trust and integrate sustainably as they respect and reinforce
the value of human connection and expertise in care.

5.2.3. Embedding Ethics and Privacy as Foundational Infrastructure

The persistent anxieties surrounding data privacy, accountability, and algorithmic fairness uncovered
in the data necessitate a paradigmatic shift in how these concerns are addressed in medical IUI design.
Rather than treating ethics and privacy as peripheral compliance issues, they must be elevated to the
status of core architectural components. This fundamentally shapes the interaction logic and data
flows of the system from the foundational level. This aligns with the HCI framework of Value-Sensitive
Design (VSD) and the principle of Privacy by Design which advocate for proactively embedding moral
and ethical values into the technical specification[48][49]. In the context of healthcare IUIs, the system
architecture must be intrinsically oriented towards preserving user autonomy, ensuring justice, and
mitigating harm.

This foundational integration can be operationalized through several key design strategies. First,
regarding privacy and data governance, the IUI must transcend simple consent dialogs and embrace
comprehensive transparency and user control. This involves implementing the principle of data min-
imization where only strictly necessary data is collected for a specific and user-understood purpose.
Furthermore, the interface should provide an intuitive and visually clear data lineage dashboard al-
lowing users to see what data has been collected, how it is being used, and with whom it has been
shared. Critically, this must be coupled with granular data rights including the ability to view, export,
and permanently delete personal data with minimal effort. This approach directly addresses concrete
fears regarding insurance and employment discrimination and transforms the IUI from a data extractor
into a data steward. Second, the issue of accountability must be made interactionally explicit. Prior to
users engaging with high-stakes functionalities, the system should employ interactive protocols that
clearly delineate the boundaries of responsibility among the various actors including the AI developer,
the healthcare institution, the clinician, and the user. This fosters a shared mental model of the socio-
technical system. Finally, to combat algorithmic bias and ensure fairness, the IUI architecture must
incorporate bias detection and mitigation protocols. Moreover, the interaction design itself must be
inherently inclusive by offering multi-modal interfaces to accommodate diverse user populations in-
cluding the elderly and those with lower health or digital literacy. This ensures that the benefits of the
technology are distributed equitably.

5.2.4. Lifelong Learning Systems for Co-Adaptation

The longitudinal findings demonstrate that the relationship between a user and a medical IUI is a dy-
namically evolving process characterized by significant growth in cognitive understanding and critical
awareness. This necessitates a fundamental shift from designing static interfaces to developing lifelong
learning systems capable of co-adapting with the user concurrently. This concept aligns with the HCI



vision of co-adaptive systems where the interface and the user mutually influence and reshape each
other through sustained interaction[50][51][52]. A medical IUI must therefore possess the capacity to
sense, interpret, and respond to the evolving mental model, literacy level, and informational needs of
the user.

Operationalizing this co-adaptation requires the implementation of several key interactive mech-
anisms. First, the system should feature personalized information depth by dynamically adjusting
the complexity and nature of its explanations and outputs in response to demonstrated literacy. For a
novice user, explanations might focus on actionable advice and simple language. As the system detects
increasing sophistication through interaction patterns, it can progressively introduce more detailed
technical rationales, discuss underlying uncertainties, and contextualize information within broader
medical debates. Second, dynamic risk communication is essential. The manner in which potential
risks and limitations are communicated should evolve alongside the user. Initial interactions might
present concise warnings while experienced user scenarios could trigger a discussion that includes the
probabilistic nature of the AI suggestion and an elaboration of the ethical trade-offs involved. Finally,
establishing a participatory design feedback loop directly within the IUI ecosystem transforms the user
from a passive consumer into an active co-designer. The system should provide channels for users to
report errors and contribute critical reflections on interface elements, explanation styles, or ethical
concerns. These insights must then be systematically aggregated and fed back into the iterative devel-
opment cycle. By designing for this continuous and bidirectional adaptation, medical IUIs can become
learning partners capable of growing in sophistication and value alongside the users they serve.

5.3. Theoretical Contributions

The findings of this longitudinal study necessitate a significant extension of classical technology ac-
ceptance models, such as the Technology Acceptance Model (TAM), which rely on static constructs of
usefulness and ease of use. These frameworks prove insufficient to capture the dynamic, non-linear,
and critically reflexive nature of the user-IUI relationship in high-stakes healthcare contexts[53][54].
Consequently, we propose a Critical-Dynamic Framework of Technology Acceptance for medical IUIs.
This framework views acceptance not as a static outcome derived from functional utility, but as a
continuous process of calibration and negotiation. It integrates key HCI concepts to explain the com-
plex interaction between cognitive evolution and attitudinal shifts, focusing on the sustainability and
ethical quality of the human-AI partnership.

Aligned with Value-Sensitive Design (VSD) and co-adaptive systems, our framework provides em-
pirical evidence of how user values—such as privacy and accountability—become increasingly salient
through cognitive maturation, thereby driving co-adaptation[55][56]. Furthermore, it refines the
CASA paradigm by demonstrating that deep, sustained interaction in high-stakes domains does not
lead to unconditional social acceptance, but rather to a critical and calibrated partnership.

The framework introduces three pivotal constructs essential for long-term acceptance. First, Crit-
ical Literacy is posited as a time-variant variable extending beyond functional knowledge to include
socio-technical understanding. This literacy exhibits a dual-phasic impact: initially driving adoption
through demystification, but eventually triggering attitudinal recalibration as critical awareness deep-
ens, aligning with research on mental models and algorithmic literacy[57][58][59]. Second, Contex-
tualized Trust is reconceptualized as a dynamic, multi-dimensional construct requiring continuous
negotiation through both functional experiences and value-driven reflections[60][61].

Finally, Perceived Risk expands from a simple barrier into an evolving cluster of concerns, en-
compassing informational, clinical, and ethical dimensions such as relational erosion and algorith-
mic bias. The salience of these risks evolves alongside critical literacy, becoming more concrete
over time[62][63][64]. Synthesizing these constructs, our framework frames technology acceptance
as a longitudinal journey of dynamic trade-offs between instrumental utility and profound human
values[65][66]. This perspective challenges linear progression models, emphasizing that sustainable
acceptance is rooted not in uncritical reliance, but in a mature, critically informed, and dynamically
managed partnership.



5.4. Limitations and Future Work

First, the cultural and geographical specificity of our participant sample, drawn from specific regions in
China, constrains the generalizability of the proposed Critical-Dynamic Framework [67]. As cultural
factors profoundly shape technology adoption and trust dynamics, future HCI research should pursue
cross-cultural longitudinal studies to examine how the observed non-linear attitudinal trajectories and
trust calibration mechanisms manifest across diverse societal contexts [68][69]. Such comparative
work is essential for developing culturally attuned design principles for global health IUI deployment.

Second, while a four-year period is substantial, it may remain insufficient to fully capture the long-
term societal integration and normalization of disruptive generative AI technologies. The observed
recalibration phase might represent a transitional fluctuation rather than a permanent state. Future
inquiries should aim for longer-term studies to track how attitudes stabilize, transform, or are disrupted
by technological and regulatory shifts [70]. This approach aligns with the HCI community’s focus on
the temporal unfolding of user experiences beyond initial adoption.

Third, the study’s singular focus on lay users highlights the need for a broader investigation into
the human-AI ecosystem involving clinicians, administrators, and policymakers. Future research
should adopt multi-stakeholder and participatory design approaches to investigate the complex in-
terplay between these actors, particularly how patient IUI usage impacts clinician workflows and
the doctor-patient relationship. Exploring these dynamics through Computer-Supported Cooperative
Work (CSCW) frameworks could yield crucial insights for designing systems that support collaborative
care models rather than creating informational asymmetries.

Finally, we acknowledge that the repeated in-depth interview process may have functioned as an
intervention, inducing reflection that influenced participant engagement. Future longitudinal studies
should explicitly account for such methodological influences through reflexive journals or pre- and
post-study assessments. Furthermore, methodological innovation is needed to complement mixed-
methods approaches; integrating robust computational interaction logs with qualitative data and
conducting experimental studies on specific design interventions—such as uncertainty visualization—
would provide a more granular and actionable understanding of trust calibration across different liter-
acy levels.

6. Conclusion

This four-year longitudinal study establishes a dual-trajectory model of user engagement with medical
IUIs, where monotonic growth in AI literacy contrasts with a non-linear engagement path evolving
fromoptimistic adoption to discerning recalibration. Challenging linear technology acceptancemodels,
these findings indicate that sustainable high-stakes interaction relies on a mature, critical partnership
where utility is continuously weighed against ethical risks. Consequently, medical IUI design must
shift to prioritize trust calibration over maximization, reinforce human-AI teaming through explicit
role articulation, and embed ethics as core architectural elements. Contributing the Critical-Dynamic
Framework to HCI theory, this work recontextualizes acceptance as an ongoing negotiation between
instrumental utility and human values, framing medical AI integration as a profound design challenge
aimed at cultivating critically engaged user empowerment.

7. Declaration on Generative AI

During the preparation of this manuscript, we utilized large language models in a limited capacity
solely for editorial refinement and consistency checks. All authors assume full responsibility for the
content, analysis, and interpretations presented herein. All data are authentic, and no AI-generated or
artificially fabricated material has been incorporated into the substantive portions of this work.
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Table 1
Overview of AI-based Medical Intelligent User Interfaces.

Interface Type /
Representative
Applications

Core Functions &
Interface Characteristics Target Users Core AI

Technologies

AI Health Chatbots
(e.g., Ada Health,
Babylon Health,

K Health)

1. Intelligent Symptom Triage: Simulates a physician’s
consultation logic through dynamic, multi-turn dialogue

(e.g., inquiring about symptom details, duration,
aggravating/alleviating factors) to progressively

narrow down potential issues.
2. Personalized Risk Assessment: Integrates
user-provided health profiles, age, gender,

and other data to offer personalized
risk analysis rather than generic lists.

3. Triage & Navigation Recommendations:
Provides clear next steps, such as ”monitor at home,”

”book a GP appointment within 3 days,” or ”seek immediate
emergency care,” with direct links to nearby medical facilities.
4. Health Knowledge Dissemination: Offers authoritative and
easy-to-understand explanations of diseases, medications,

and healthy lifestyles in a Q&A format.

Patients, general users,
and individuals seeking
preliminary medical

information.

Natural Language
Processing
(NLU/NLG),
Large-Scale

Knowledge Graphs,
Bayesian Inference

Algorithms.

AI Mental Health
Companions

(e.g., Woebot, Wysa,
Youper)

1. Mood Tracking & Insights: Guides users to log daily emotions
and visualizes trends through charts to help identify emotional triggers.

2. Structured Intervention Tools: Delivers tools based on CBT
(Cognitive Behavioral Therapy) and

ACT (Acceptance and Commitment Therapy),
such as mindfulness exercises, thought records,
and guided breathing, with instructions for use.

3. Empathetic Dialogue: Utilizes techniques like active listening,
empathetic feedback, and open-ended questions to create a safe space

for expression, rather than offering simple reassurances.
4. Crisis Detection & Intervention: Automatically

triggers a crisis response protocol
upon detecting expressions of self-harm or suicide,
providing critical resources like emergency hotlines.

Individuals experiencing
emotional distress

or high stress,
as well as general users
seeking to improve their
psychological resilience.

Affective Computing,
Sentiment Analysis,
Cognitive Behavioral

Therapy Models,
Dialogue State
Management.

Personalized Health
Assistants

(e.g., Google/Apple
Health platforms,

Fitbit App)

1. Multi-Source Data Fusion: Seamlessly integrates fragmented
data from smartwatches, blood pressure monitors,

sleep trackers, manual inputs, and Electronic Health Records (EHR)
into a unified health dashboard.

2. Intelligent Trend Detection & Alerts: Proactively identifies
abnormal patterns in health data (e.g., sustained increase

in resting heart rate, significant decline in sleep quality) and
provides notifications with potential explanations.

3. Actionable Insights & Goal Management:
Translates data into executable advice
(e.g., ”Based on your activity level,

your recommended daily water intake is 2.5 liters”)
and helps users set and track personal health goals

(e.g., weight loss, step count).
4. Research Participation & Contribution: Allows users to

anonymously donate their health data for
medical research, contributing to

public health studies and disease research
(e.g., Apple Heart Study).

Fitness enthusiasts,
health-conscious individuals,

and patients with
chronic conditions

(for daily monitoring).

Machine Learning,
Time-Series Analysis,
Pattern Recognition,
Data Visualization.



Table 2
Demographic Characteristics of Participants (2022-2025). Note: ID denotes the participant identification num-
ber. ”A” represents Age, and ”G” indicates Gender. ”E” represents Education level, with possible values: B
(Bachelor’s), H (High School), J (Junior High School), and P (Primary School). ”R” (2022, 2023, 2024, 2025) de-
notes Residence, with two possible values: R (Rural) and U (Urban). ”O” stands for Occupation. The symbol ”*”
indicates absence or missing data.

2022 2023 2024 2025
ID G A R O E R O E R O E R O E
1 F 24 U Coach B U Coach B U Coach B U Coach B
2 F 25 U Author B U Author B U Author B U Editor B
3 F 25 U Cleaning B R Cleaning B R Cleaning B U Cleaning B
4 M 25 U Cleaning J U Cleaning J U Cleaning J U Delivery J
5 M 29 R Editor B R Editor B R Editor B R Editor B
6 F 31 R Professor B R Professor B R Professor B R Professor B
7 M 33 U Editor B U Editor B R Teacher B * * *
8 F 19 R Student H R Student H R Student H R Teacher B
9 M 25 R Coach B R Coach B R Coach B R Coach B
10 M 27 R Teacher B R Teacher B R Teacher B R Teacher B
11 M 22 R Student H R Editor B R Editor B R Reporter B
12 F 24 U Chef B U Chef B U Chef B U Chef B
13 F 33 R Driver P R Driver P R Driver P R Cleaning B
14 M 34 R Editor B R Editor B R Editor B R Editor B
15 F 45 U Labor H * * * U Labor H * * *
16 F 43 U Manager H U Manager High U Manager H U Manager H
17 M 26 R Pilot B R Pilot B U Pilot B R Designer B
18 M 25 U Secretary B * * * * * * U Secretary B
19 M 19 U Student H U Student H U Student B U Student B
20 F 18 R Student H R Student H R Student H * * *
21 F 24 R Translator B R Translator B * * * * * *

Table 3
IUI and Generative AI Literacy Scale.

Item Statement Strongly
Disagree Disagree Neutral Agree Strongly

Agree

A1
I understand the basic concepts of IUI
(particularly generative AI-driven IUIs). 1 2 3 4 5

A2
I can clearly differentiate between generative
AI-driven IUIs and traditional search engines

(e.g., Google).
1 2 3 4 5

A3
I actively follow news and discussions

concerning the development of generative AI. 1 2 3 4 5

A4
I have utilized generative AI for
academic or research purposes. 1 2 3 4 5

A5
I consider myself to be a

proficient user of generative AI. 1 2 3 4 5

A6
I believe I have a sufficient understanding of

the working principles of generative AI. 1 2 3 4 5



Table 4
Attitudes toward Generative AI in Healthcare Scale. All items are rated on a 5-point Likert scale from Strongly
Disagree (1) to Strongly Agree (5).

Dimension Item Statement
Perceived
Usefulness B1

I believe using generative AI can help me quickly
understand basic medical and health knowledge.

B2
I believe AI can help me better understand

complex medical concepts explained by a doctor.

B3
I find AI-generated personalized health plans

(e.g., diet, exercise) to be instructive.

B4
I believe using AI for daily health monitoring or

consultation would make my life more convenient.
Behavioral
Acceptance C1

For minor, non-urgent health issues,
I am willing to first seek advice from an AI.

C2
I am willing to use an AI to help me record and analyze

my long-term health data (e.g., sleep, heart rate).

C3
When I feel down or stressed, I am willing to try
conversing with an AI for psychological support.

C4
Before a doctor’s appointment, I am willing to use an AI

to help me organize and prepare the symptoms I need to describe.
Contextualized

Trust D1
Overall, I believe the medical and health

information provided by generative AI is reliable.

D2
I believe AI is accurate in analyzing

medical data (such as symptom descriptions).

D3
If an AI provides a recommendation,
I would feel comfortable acting on it

without seeking confirmation from a human doctor.

D4
I believe an AI can understand my

unique emotional and life context as a person.
Perceived

Risk E1
I am not concerned that an AI might provide me
with incorrect or outdated medical information.

E2
I am not concerned that my personal privacy and health data

will be compromised when using AI health services.

E3
I am not concerned that over-reliance on
an AI would cause me to ignore my body’s

real signals or delay seeking medical attention.

E4
Discussing my health issues with an AI

would not make me feel uncomfortable or insecure.

Figure 1: Longitudinal Trajectories of Core Attitude Dimensions with 95% Confidence Intervals (2022–2025).



Table 5
Semi-Structured Interview Protocol for User Attitudes toward Generative AI in Healthcare.

Dimension No. Interview Question
Foundational
Information Q1 Gender

Q2 Age
Q3 Professional Background
Q4 Highest Level of Education

Q5
Please self-rate your familiarity with AI

(e.g., ChatGPT, Ernie Bot, etc.).

Q6
Have you had any experience using

AI health assistants or online AI consultation tools?

Introduction &
Overall Perception Q7

When you hear the terms ”AI doctor” or ”AI health assistant,”
what is the first image or scenario that comes to mind?
Is this feeling generally positive, negative, or complex?

Q8

In your past experiences seeking health information or
medical services, have you ever had a moment where you wished

for a ”smarter, more convenient tool”?
What was that situation like?

Q9

Compared to traditional methods like searching online,
reading health manuals, or consulting a doctor directly,

what do you think is the biggest difference or potential advantage
of AI in providing healthcare services?

Perceived Usefulness &
Application Scenarios Q10

Imagine the entire process from ”feeling slightly unwell”
to ”visiting a doctor” and then to ”recovering at home.”

In which specific stages could an AI provide help?
Please describe what you believe would be

the most valuable moment for its intervention.

Q11

In your opinion, what types of health issues would an
AI be particularly good at handling

(e.g., common illness consultation, medication reminders, health education)?
Conversely, what health issues do you consider to be absolute

”red lines” that an AI should not touch?

Q12
Do you think using an AI would make you feel more

in control of your health,
or would it make you more anxious due to information overload? Why?

Q13

Do you expect the health advice provided by an AI
to be completely standardized or highly personalized?

To what extent would you be willing to share your personal lifestyle,
dietary habits, or even genetic information to receive personalized advice?

Personal Use Intention &
Acceptance Boundaries Q14

Beyond being free of charge, what other conditions would need to be met
(e.g., endorsement by a reputable hospital, a clear user interface,

a guarantee of privacy and security)
for you to seriously consider trying an AI health assistant?

Q15

Under what circumstances would you consider consulting an AI
to be a ”substitute” for a non-essential visit to the doctor?
Conversely, under what circumstances would consulting

an AI make you feel a more urgent need to see a human doctor?

Q16
On one hand, an AI could offer 24/7 emotional support; on the other hand,

confiding deep emotions in a machine can be unsettling.
How do you personally weigh this ”convenience” against the ”discomfort”?

Q17
Do you prefer to view the AI as a one-time information query tool,

or as a long-term ”digital companion” that can track your health trajectory?
Why?



Table 6
Semi-Structured Interview Protocol for User Attitudes toward Generative AI in Healthcare (continued).

Dimension No. Interview Question

Trust Construction
& Collapse Q18

What does a medical AI need to demonstrate to you to win your initial trust?
(e.g., transparent information sources, expert certifications,
positive user reviews, or its clear logical reasoning process?)

Q19
If an AI cannot explain the detailed reasoning behind its judgment

like a human doctor can (the ”black box” problem),
to what extent would this affect your trust in it?

Q20

If you discovered that an AI provided inaccurate information,
how would you react?

Would this single experience permanently destroy your trust,
or would you be willing to try again if it

had a good error-correction and apology mechanism?

Q21

When an AI’s advice contradicts information you found online,
who are you more inclined to believe?

When an AI’s advice contradicts that of a community doctor,
how would you decide?

Risk Perception &
Ethical Considerations Q22

Of the potential risks associated with AI in healthcare
(e.g., misinformation, privacy breaches, algorithmic bias,

depersonalization of the doctor-patient relationship,
skill degradation in human doctors),

which one makes you the most uneasy? Why?

Q23

Regarding data privacy, what are your most specific concerns?
Are you afraid of receiving targeted pharmaceutical ads,

your data being sold to insurance companies and affecting your premiums,
or your personal information being stolen by hackers for fraud?

Q24

Imagine a scenario where a patient follows an AI’s diagnosis
and treatment advice perfectly, but their condition worsens.

In your opinion, who should be held accountable: the AI developer,
the hospital using it, the supervising doctor, or the patient themself?

Q25
Are you concerned that advanced AI medical tools like these might exacerbate

health inequalities between different population groups
(e.g., young vs. old, wealthy vs. poor)?

Role Outlook &
Emotional Summary Q26

If you were to use a metaphor to describe the ideal role of AI in future healthcare,
what would it be (e.g., a tool like a ”stethoscope,” an assistant like

a ”nurse,” a knowledge base like an ”encyclopedia,” or a collaborator
like a ”second opinion doctor”)? Why that metaphor?

Q27

If our conversation today had a central theme,
would you describe it as ”cautious optimism,” ”deep concern,” ”practical welcome,”

or something else?
Please summarize your core feelings about the integration of AI into

healthcare in a few sentences.

Q28
Beyond everything we have discussed,

are there any other thoughts on this topic that you feel are very important,
but I have not asked about?



Figure 2: Heatmap of Individual Participant AI Literacy Scores Across Four Waves (2022-2025)

Figure 3: Heatmap of Individual Participant Perceived Usefulness Scores Across Four Waves (2022-2025)



Figure 4: Heatmap of Individual Participant Behavioral Acceptance Scores Across Four Waves (2022-2025)

Figure 5: Heatmap of Individual Participant Contextualized Trust Scores Across Four Waves (2022-2025)

Figure 6: Heatmap of Individual Participant Perceived Risk Scores Across Four Waves (2022-2025)
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