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Abstract
As AI health chatbots become increasingly prevalent, the psychological processes
underlying users’ behavioral alignment remain insufficiently understood. Drawing on
Self-Determination Theory and the Computers Are Social Actors paradigm, this study
examines a decomposed specification of the TIME-HAII action route, comprising
motivational and social pathways in health communication. Data were collected and
analyzed using a multi-method design integrating self-report measures and behavioral
indicators. The findings provide robust support for the motivational pathway through
indirect associations, while evidence for the social pathway was more limited. Within
the motivational pathway, perceived chatbot autonomy support was positively
associated with perceived autonomy and self-efficacy, which sequentially mediated
its association with interactional behavioral alignment. Within the social pathway,
perceived chatbot agency was associated with interactional behavioral alignment
through perceived presence. Overall, The findings advance theoretical understanding
of human-AI interaction in health communication contexts and offer evidence-based
design implications for AI-driven health systems.
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Introduction

Artificial intelligence (AI) technologies are increasingly taking over health
communication roles once reserved for professionals, transforming how people access
and use health information (Bickmore & Picard, 2005; Liu et al., 2025). Within this
broader transformation, health chatbots have emerged as a particularly consequential
technological development, offering scalable, on-demand, and personalized health
advice to populations that would otherwise face significant barriers to accessing
professional care (Laranjo et al., 2018). These developments hold particular salience
in contexts marked by structural inequalities in health resource distribution, most
notably in China (Jiang et al., 2021).

Early health information technologies often followed a paternalistic model, delivering
standardized content to users with limited attention to individual preferences, literacy,
or motivation (Eysenbach, 2000). This model reflected broader asymmetries of
knowledge and authority in health communication, while offering limited space for
user autonomy (Nassehi et al., 2024). In contrast, a growing body of research has
shown that autonomy is central to sustained health behavior change and well-being
(Deci & Ryan, 2000; Mackert et al., 2016; Ryan, 1995). These insights have
encouraged the development of autonomy-supportive health technologies that rely on
personalization, adaptive dialogue, and user control to position users as active
participants rather than passive recipients (Laranjo et al., 2018; Singh et al., 2023).

Nevertheless, empirical evidence regarding chatbot effectiveness remains inconsistent.
While some studies report gains in health knowledge, self-management, and health
behavior change, others identify negligible or adverse effects, especially among
digitally vulnerable populations (Rafikova & Voronin, 2025). These mixed findings
point to the need for more systematic investigation of the psychological mechanisms
underlying human–AI interaction (HAII). Within the TIME-HAII model (Sundar,
2020), AI influence is commonly explained through cue and action routes (Hancock
et al., 2020). Existing research has focused primarily on the cue route, examining how
interface signals and algorithmic cues shape user perceptions, expectations, and trust
(Lee et al., 2023; Waddell, 2019). The action route, which concerns users’ active
engagement with AI systems, remains less developed. Its internal psychological
processes are still under-theorized and under-tested, leaving the action route a
conceptual “black box” in HAII research (Raees et al., 2024; Shneiderman, 2020).

The present study seeks to address these deficiencies through a theoretically grounded
empirical investigation of autonomy-supportive communication in AI health chatbots.
Drawing on Self-Determination Theory (Ryan & Deci, 2002) and the Computers Are
Social Actors paradigm (Nass & Moon, 2000), this study examines two
complementary mechanisms of the TIME-HAII action route through which AI-
mediated interaction may be associated with interactional behavioral alignment. One
is a motivational pathway, through which autonomy-supportive human-AI interaction
interfaces enhance individuals' perceived sense of autonomy and self-efficacy,
thereby serving as a catalyst for interactional behavior (Ng et al., 2012; Pham &
Duong, 2025). The other is a social pathway, through which socially embedded
conversational agent cues cultivate perceptions of social presence and interpersonal
support, consequently facilitating and sustaining continued interactional behavior (Al-
Oraini, 2025). By examining these pathways in tandem, the study aims to understand
the psychological mechanisms underlying the action route and to inform the design of
AI health systems that meaningfully support user autonomy.
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Theoretical Framework

AI health communication has moved from expert-driven systems toward
conversational platforms that offer natural language exchange, adaptive dialogue, and
personalized responsiveness (Hunt et al., 1998; Laranjo et al., 2018). Although these
systems may expand informational access, scholars caution that opaque algorithmic
architectures and commercial imperatives can still constrain user autonomy
(Eysenbach, 2000; Garg et al., 2005; Kumar et al., 2013). In AI-powered health
chatbots, this tension is especially consequential: greater conversational sophistication
may improve engagement, but it may also intensify users’ reliance on machine-
generated advice through mechanisms such as the “machine heuristic” (Sundar, 2020).
Given the variable effectiveness of conversational agents across physical activity,
dietary behavior, and mental health domains (Laranjo et al., 2018; Li et al., 2023), this
study examines the psychological mechanisms through which chatbot affordances are
associated with health-related interactional behavior.

The study is grounded in the input–mechanism–output framework advanced by Chib
and Lin (2018), which links technological features of digital health tools to behavioral
outcomes through psychological mechanisms. As depicted in Figure 1, the framework
is adapted to connect chatbot affordances with observable interaction behavior
through motivational and social pathways.

At the input level, the framework incorporates two perceived affordances of AI health
chatbots: autonomy support and perceived agency. Autonomy support refers to the
extent to which the chatbot facilitates user volition and avoids controlling
communication, whereas perceived agency refers to the perceived capacity of the
chatbot to independently organize, regulate, and direct its responses in ways that
appear intentional and goal-directed (Deci & Ryan, 1985; Ng et al., 2012; Wegner,
2004).

At the mechanism level, the motivational pathway draws on Self-Determination
Theory through perceived autonomy and self-efficacy, whereas the social pathway
draws on the Computers Are Social Actors through perceived presence and perceived
support (Nass & Moon, 2000; Ryan & Deci, 2002).

At the output level, observable interaction behavior represents the behavioral
manifestation of the action route, indicating whether users’ active configuration
choices are retained in the chatbot’s terminal state.

Figure 1 Conceptual Framework
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The Motivational Pathway: Self-Determination Theory (SDT)

SDT provides the motivational foundation for the present study (Deci & Ryan, 1985,
2000). The theory identifies autonomy, competence, and relatedness as basic
psychological needs, with autonomy referring to the experience of acting with
volition rather than under external pressure. In health contexts, autonomy-supportive
environments are associated with more self-determined motivation, greater perceived
competence, and improved behavioral outcomes (Chen et al., 2015; Ng et al., 2012).
This makes SDT particularly useful for theorizing how AI health chatbots may
support users’ internal motivational resources.

A key SDT claim is that autonomy support facilitates internalization by providing
meaningful choice, non-pressuring rationale, and acknowledgment of the individual’s
perspective (Williams et al., 1996, 2004, 2006). In health communication, this process
suggests that users are more likely to engage with recommended behaviors when they
experience the interaction as aligned with their own goals and values rather than as
externally imposed.

The present study theorizes that structurally parallel processes operate within AI-
mediated health contexts. Chatbot-provided autonomy support is expected to generate
perceived autonomy, which activates autonomous motivational regulation, deepens
engagement, and ultimately strengthens health self-efficacy. Self-efficacy, defined by
Bandura (1977) as an individual's domain-specific belief in their capacity to execute
behavior successfully, is theorized to be enhanced through chatbot-facilitated mastery
experiences, modeled behaviors, and progress feedback. The convergence of SDT's
internalization mechanism with Bandura's self-efficacy construct provides a coherent
theoretical basis for the proposed model.

Recent digital health evidence supports this extension, with research linking
psychological need satisfaction and autonomous motivation to positive health
outcomes (Ng et al., 2012), and identifying self-efficacy as a key internal motivational
process shaped by personal and environmental factors that drives choice, effort,
persistence, and achievement (Schunk & DiBenedetto, 2021). Collectively, these
findings are consistent with the following hypotheses:

H1: Autonomy support is positively associated with perceived autonomy.
H2: Autonomy support is positively associated with self-efficacy.
H3: Autonomy support is positively associated with observable interaction behavior.
H4: Autonomy support is indirectly associated with observable interaction behavior
through a sequential pathway from perceived autonomy to self-efficacy.

The Social Pathway: The CASA Paradigm and Artificial Sociality

The Computers Are Social Actors (CASA) paradigm provides the theoretical
foundation for understanding the relational dimension of human-chatbot interaction.
Originally proposed by Nass et al. (1994) and consolidated in Reeves and Nass's
(1996) media equation thesis, the CASA paradigm has been substantially refined over
time. More recently, Go and Sundar (2019) and Glikson and Woolley (2020) have
extended the CASA paradigm to AI-driven conversational agents, incorporating
affordances such as natural language processing and affective computing.
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Building on CASA, the present study conceptualizes chatbot agency as an
interactional affordance, referring to the perceived capacity of a chatbot to regulate,
organize, and direct its responses in ways that appear intentional and goal-directed. At
the user level, this affordance is captured by perceived agency, defined as the extent
to which users perceive the chatbot as capable of self-regulated, intentional, and
organized action. Perceived agency does not imply consciousness or actual autonomy;
rather, it reflects users’ interpretation of chatbot behavior as generated and organized
by an agent. This conceptualization distinguishes perceived agency from broader
anthropomorphism and from generalized attributions of mental capacity (Wegner et
al., 2004; Gray et al., 2007; Gray & Wegner, 2012).

In this study, perceived agency refers to the subjective sense that the chatbot is a
meaningful social entity (Lombard & Ditton, 1997). Because agentic behavior
provides a denser array of social cues, it intensifies the user's experience of genuine
social interaction (Go & Sundar, 2019). Perceived presence, in turn, facilitates
perceived support, defined following House (1987) as the user's perception that the
chatbot provides informational, emotional, and appraisal resources functionally
equivalent to those of human relationships. Studies confirm that emotionally
responsive and informationally competent chatbots generate social support
perceptions comparable to human providers (Lee & Hahn, 2024). These social
perceptions may manifest in observable interaction behavior, reflecting the
consistency between users’ active chatbot configuration choices and their final
chatbot configurations. Hence, we posit:

H5: Perceived agency is positively associated with perceived presence.
H6: Perceived agency is positively associated with perceived support.
H7: Perceived agency is positively associated with observable interaction behavior.
H8: Perceived agency is indirectly associated with observable interaction behavior
through a sequential pathway from perceived presence to perceived support.

Methodology

Participants and Procedure
Participants were recruited from the active user base of EasyHealth AI
(www.easyhealth-ai.com), a Chinese AI-powered health communication application
that incorporates health incentive prompts within its initialization interface. Research
invitations were disseminated to registered users of EasyHealth AI via in-application
push notifications, with recruitment commencing on August 1, 2025. Of the 1,100
individuals who provided informed consent to participate, 613 completed the pre-
survey, which included a demographic questionnaire assessing background
characteristics. Following completion of the demographic questionnaire, 600
participants proceeded to interact with the AI chatbot, constituting the first behavioral
observation point.
Of the 600 participants who proceeded to the chatbot interaction stage, 409 completed
the post-survey and had corresponding behavioral trace data available for analysis,
yielding a final analytic sample of 409 participants (68.2% retention). The post-survey
assessed participants’ perceptions of their ongoing chatbot interactions, including
attitudes, beliefs, and experiential evaluations. The remaining 191 participants were
excluded because the required behavioral trace data were unavailable.
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Participants were observed for three months following enrollment. Behavioral trace
data were collected throughout the observation period, although most participants
completed the required chatbot interactions and post-survey within the first month.
The broader study protocol comprised three components: (1) behavioral observation
following entry into the chatbot interaction stage, (2) a post-interaction survey
assessing participants’ perceptions, and (3) behavioral trace collection during the
three-month observation period. The present study uses only a subset of these data.
Final sample inclusion was based on completion of the required procedures and
availability of complete, analyzable data. A participant flow diagram is shown in
Figure 2.
Among the 409 participants, 57.2% were male. Participants' ages ranged from under
18 to over 60 years, with the largest proportion (49.1%) falling within the 18–25 age
group. More than half of the sample (55.7%) reported holding a bachelor's degree or
higher. Additionally, 52.1% of participants had a professional background in the
health-related sector. A substantial majority (75.1%) resided in urban areas.
Regarding annual personal income, 41.1% of participants reported earning less than
30,000 CNY, 45.2% earned between 30,000 and 100,000 CNY, and 13.7% earned
more than 100,000 CNY (see Table 1).
Figure 2 Study Procedure
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Table 1 Sociodemographic characteristics of participants (N = 409)

Category Percentage

Gender

male 57.2%

female 42.8%

Age (years old)

below 18 2.2%

18-25 49.1%

26-35 36.9%

36-45 9.3%

46-59 1.5%

Above 60 1.0%

Education

High school or below 17.6%

Some college/technical school 26.7%

College graduate or higher 55.7%

Professional Background

others 47.9%

Health-related professionals 52.1%

Residential Location

Urban 75.1%

Rural 24.9%

Income

less than 30,000 CNY 41.1%

30,000–100,000 CNY 45.2%

More than 10,000 CNY 13.7%
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Measures
The present study employed a multi-method measurement design, integrating self-report survey instruments with behavioral indicators. All self-
report constructs were operationalized using five-point Likert-type scales (1 = strongly disagree, 5 = strongly agree), with items adapted from
previously validated instruments as detailed below and in Table 2. Construct reliability and validity were subsequently evaluated (Table 2; Hair
et al., 2019), and discriminant validity was assessed using the heterotrait–monotrait (HTMT) ratio of correlations (Table 3).
Perceived Agency: Following Wegner et al.’s (2004) conceptualization of agency as the perceived capacity to act autonomously and causally,
perceived agency was operationalized at the user level as the extent to which users perceive a chatbot as capable of self-regulated, intentional,
and organized action. The construct reflects users’ interpretations of chatbot behavior as generated and organized by an agent and does not imply
consciousness or actual autonomy. The construct was measured reflectively using five indicators adapted from established measures of perceived
mental capacity and agency (Gray et al., 2007; Gray & Wegner, 2012). The indicators assessed the chatbot’s perceived ability to regulate its
reactions, make and implement judgments, express internally organized thoughts or emotions, think, and respond in a planned manner.
Collectively, these indicators capture users’ perceptions of the chatbot’s capacity to independently organize and regulate its behavior during
interaction, rather than anthropomorphism or general mind perception. The scale demonstrated acceptable internal consistency (M = 3.96, SD =
0.75; Cronbach's α = 0.752).
Autonomy Support: Grounded in SDT (Deci & Ryan, 2000), autonomy support was operationalized as users' perceived sense of volition and
choice within the chatbot interaction environment, measured via three items. The scale demonstrated acceptable internal consistency (M = 4.17,
SD = 0.71; Cronbach's α = 0.702), with higher scores reflecting a stronger sense of having options and freedom in interacting with the chatbot.
Perceived Presence: We operationalized perceived presence drawing on Lombard and Ditton's (1997) social presence framework, which
conceptualizes perceived presence as the experiential quality of mediated interaction, specifically the subjective sense of "being there with"
another agent rather than merely engaging with system outputs. Three items captured distinct but interrelated facets of this construct: sociability,
communicative engagement, and interactional responsiveness. Internal consistency for this scale was acceptable (M = 4.09, SD = 0.87;
Cronbach's α = 0.809).
Perceived Autonomy: This construct was defined as users’ subjective experience of self-determination during chatbot interactions, reflecting the
extent to which health-related interaction behaviors were perceived as self-endorsed and congruent with their internalized values and goals,
rather than externally imposed (Ryan & Deci, 2006). Three items were adapted from the Health Care Climate Questionnaire (HCCQ; Williams
et al., 1996) and reworded to reflect AI-mediated health communication contexts, capturing perceived self-initiation, values congruence, and
volitional willingness (M = 4.20, SD = 0.71; Cronbach's α = 0.715)
Perceived Support: Grounded in House's (1987) conceptualization, perceived support was operationalized as users' appraisals that the AI chatbot
provides communicative resources functionally analogous to those exchanged in supportive human relationships. Seven items were adapted from
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the Online Social Support Scale (Nick et al., 2018) and reworded to reflect AI-mediated health communication contexts, tapping emotional
support and social companionship dimensions (M = 4.07, SD = 0.66; Cronbach's α = 0.817).
Self-Efficacy: This construct was operationalized as users' confidence in their capability to successfully execute a designated configuration
behavior relevant to the chatbot interaction context, based on Bandura's (2006) social cognitive theory. Three items were adapted from validated
configuration behavior self-efficacy scales, targeting three distinct dimensions: capability belief, persistence under difficulty, and obstacle
management. Internal consistency was acceptable (M = 4.13, SD = 0.73; Cronbach's α = 0.716), supporting the reliability of the scale.
Behavioral Alignment Score (BAS): Observable interaction behavior was operationalized as the Behavioral Alignment Score (BAS), a proximal
behavioral manifestation of the action route reflecting whether users’ active configuration choices were retained in the chatbot’s terminal state.
Easyhealth-AI offered five configurable features: (1) customizable chatbot response settings, (2) integrated user health profiles, (3) transparent
algorithmic reasoning displays, (4) chat record management, and (5) personalized chatbot tone settings. Each feature had two configuration
states and could be actively modified no more than once per interaction. For each feature, an active modification was treated as an observable
expression of the user’s configuration preference. An alignment indicator was coded 1 if the state selected through the active modification was
retained in the terminal configuration and 0 otherwise. Participants who did not actively modify any feature were excluded during data cleaning
because BAS requires an observable configuration action. The five feature-level indicators were summed to yield a BAS ranging from 0 to 5,
with higher scores indicating that more active configuration choices were retained in the terminal chatbot configuration. BAS was treated as a
behavioral composite index rather than a reflective psychometric scale because the indicators represent distinct configuration opportunities rather
than interchangeable manifestations of a latent construct. Indicators were equally weighted because each represented a single configuration
opportunity and there was no theoretical basis for differential weighting.
Data Analysis
Preliminary analyses were conducted to determine which variables to include as covariates. Zero-order correlation analyses revealed that
participant education level, professional background, and income were significantly associated with at least one focal study variable and were
therefore included as covariates (see Table 4); these variables were therefore included as covariates in the subsequent analyses.
Structural equation modeling (SEM) was used for hypothesis testing, using the sem package in Stata 17. The indirect effects were assessed using
5,000 bootstrapped samples and bias-corrected 95% confidence intervals (Hayes & Scharkow, 2013), with mediation considered significant
when the confidence intervals excluded zero. To ensure the robustness of the models, multicollinearity diagnostics were conducted prior to
model estimation. Variance inflation factors (VIFs), obtained from auxiliary regression analyses, were all below the commonly accepted
threshold of 5 (all VIFs < 2.5).
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Table 2 Measurement Items and Scale Reliability
Variables
(sources)

Items Loading Cronbach's α CR AVE

Perceived Agency
(Wegner, 2004)

The chatbot can control its own reactions.
0.687

0.752 0.771 0.460

The chatbot can distinguish right from wrong and take the
correct actions.

0.732

The chatbot can express thoughts or emotions to me.
0.615

The chatbot is capable of thinking.
0.687

The chatbot responds to me in a planned manner.
0.664

Autonomy Support
(Deci & Ryan, 2000)

I feel that the chatbot provides me with choices and
options.

0.717

0.702 0.718 0.529
The chatbot believes that I am capable of making choices.

0.737

The chatbot understands my perspective before offering
suggestions.

0.728

Perceived Presence
(Lombard & Ditton,
1997)

Interacting with the chatbot feels like communicating with
a real person.

0.741

0.809 0.791 0.635
The chatbot seems to pay close attention to what I say.

0.787

The chatbot's responses make me feel like I am engaged in
a real conversation. 0.858

Perceived Autonomy
(Ryan & Deci, 2006;
Williams et al.,
1996)

I believe I have the choice to decide whether to engage
with the chatbot. 0.819

0.715 0.722 0.542I feel that the choices I make during interactions with the
chatbot are truly my own. 0.648
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I engage with the chatbot because I choose to do so
voluntarily. 0.731

Perceived Support
(House, 1987; Nick
et al., 2018)

The chatbot seems to care about me.
0.696

0.817 0.820 0.452

The chatbot makes me feel good about myself.
0.603

The chatbot encourages me during interactions.
0.722

I can receive emotional help and support from the chatbot.
0.679

I can share both positive and negative health experiences
with the chatbot. 0.603

During interactions, the chatbot seems to understand my
situation. 0.733

During interactions, the chatbot expresses liking for what I
say or do. 0.655

Self-efficacy
(Bandura, 2006)

I am confident in my ability to improve my health through
interactions with the chatbot.

0.669

0.716 0.729 0.542

Even when faced with challenges, I believe I can
successfully address health-related problems with the
assistance of the chatbot. 0.755

I am confident in my ability to manage health-related
obstacles following my interactions with the chatbot.

0.780
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Table 3 Heterotrait–Monotrait Ratios (HTMT) for Assessing Discriminant Validity

Note. Values represent HTMT ratios. All HTMT ratios were below the conservative threshold of .85, supporting discriminant validity.

Perceived Agency Autonomy Support Perceived Presence Perceived Autonomy Perceived Support Self-efficacy

Perceived Agency — 0.736 0.676 0.566 0.686 0.723

Autonomy Support — 0.671 0.661 0.757 0.714

Perceived Presence — 0.362 0.547 0.547

Perceived Autonomy — 0.785 0.576

Perceived Support — 0.579

Self-efficacy —
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Table 4 Zero-order Correlations Among Main Variables

Note. Gender (0 = male, 1 = female); professional background (0 = other, 1 = health-related); residential location (0 = urban, 1 = rural).
*p < .05; **p < .01; ***p < .001

1 2 3 4 5 6 7 8 9 10 11 12 13

1. Gender —

2. Age -0.005 —

3. Education 0.254*** -0.026 —

4. Professional Background 0.187*** 0.016 0.072 —

5. Residential Location -0.064 0.001 -0.236*** 0.021 —

6. Income -0.029 0.193*** 0.086 -0.031 -0.054 —

7. Perceived Agency 0.061 0.079 0.044 -0.075 0.039 0.037 —

8. Autonomy Support 0.024 0.032 -0.01 -0.048 0.017 0.061 0.535*** —

9. Perceived Presence -0.043 0.089 -0.063 -0.226*** 0.088 0.026 0.532*** 0.506*** —

10. Perceived Autonomy -0.008 0.051 0.046 0.015 0.021 0.013 0.410*** 0.467*** 0.280*** —

11. Perceived Support 0.038 0.096 -0.019 -0.124* -0.013 0.116* 0.538*** 0.574*** 0.447*** 0.598*** —

12. Self-efficacy 0.066 0.081 0.103* -0.058 -0.02 0.037 0.524*** 0.507*** 0.415*** 0.413*** 0.441*** —

13. Behavioral Alignment Score 0.005 0.011 -0.002 -0.178*** 0.085 0.053 0.227** 0.141** 0.223*** 0.009 0.09 0.159** —



2

Table 5 Indirect Effects and 95% Bootstrapped Confidence Intervals
Pathways Effects BootSE BC 95% CI
Autonomy Support→ Perceived Autonomy→ BAS -0.063 0.037 [-0.139, 0.005]
Autonomy Support→ Self-efficacy→ BAS 0.076 0.038 [0.013, 0.162]
Autonomy Support→ Perceived Autonomy→ Self-efficacy→ BAS 0.019 0.011 [0.004, 0.049]
Perceived Agency→ Perceived Presence→ BAS 0.111 0.044 [0.034, 0.204]
Perceived Agency→ Perceived Support→ BAS -0.045 0.033 [-0.115, 0.014]
Perceived Agency→ Perceived Presence→ Perceived Support→ BAS -0.012 0.010 [-0.038, 0.002]
Note. Unstandardized estimates, bootstrapped standard errors, and bias-corrected confidence intervals were obtained from path analyses based on
5,000 bootstrap samples.

Results

Preliminary Analyses
Construct reliability and validity were subsequently assessed (Table 2). Composite reliability
(CR) values ranged from .718 to .820 across constructs. Average variance extracted (AVE)
values ranged from .452 to .635 across constructs: perceived agency (CR = .771, AVE = .460),
autonomy support (CR = .718, AVE = .529), perceived presence (CR = .791, AVE = .635),
perceived autonomy (CR = .722, AVE = .542), perceived support (CR = .820, AVE = .452), and
self-efficacy (CR = .729, AVE = .542). Although the AVE values for perceived agency and
perceived support were slightly below the conventional .50 threshold, their CR values indicated
acceptable reliability. All pairwise HTMT values were below the conservative .85 threshold,
indicating no problematic construct overlap (Table 3). Overall, the results provide adequate
evidence of internal consistency and discriminant validity, supporting the empirical
distinctiveness of the study constructs.
Behavioral trace data further described participants’ human–chatbot interaction patterns. The
mean session duration was 3.1 minutes, and the mean cumulative interaction time was 9.9
minutes per participant. On average, participants interacted with the chatbot interface six times
over approximately one month. Notably, 18.1% of participants showed relatively high
engagement, recording more than ten chatbot interactions. For the outcome variable, BAS
showed a moderate level of behavioral alignment (M = 3.15, SD = 1.36; scale range: 0–5), with
considerable variability across participants.
Table 4 presents the zero-order correlations among the main study variables. Perceived agency,
autonomy support, perceived presence, perceived autonomy, perceived support, and self-efficacy
were moderately to strongly and positively correlated.
Hypothesis Testing
To test the proposed hypotheses, two serial mediation models were estimated separately,
corresponding to the motivational pathway (H1-H4) and the social pathway (H5-H8). Prior to
these analyses, an integrated model including all predictors and mediators was also initially
specified to examine both pathways simultaneously. Although the bootstrap estimation
converged, the integrated model yielded an inadmissible solution, indicating substantial
estimation instability and limiting the interpretability of the results. Specifically, the model
produced nonsignificant total associations for autonomy support (β = −0.249, p = .649, 95% CI



Yan et al. Journal of Medicine, Humanity and

M e d i a 4 ( 3 )

https://doi.org/10.62787/mhm.v3i3.226 3

[−1.587, 0.408]) and perceived agency (β = 0.475, p = .382, 95% CI [−0.100, 1.895]). Given the
substantial shared variance among constructs and the resulting estimation instability, the
integrated model was not retained for substantive interpretation. The motivational and social
pathways were therefore examined separately.
Motivational Pathway
The estimated path model for the motivational path is presented in Figure 3. The model showed a
good fit to the data: χ²(4) = 3.391, p = .495, RMSEA = .000, CFI = 1.000, TLI = 1.007, SRMR
= .017. Autonomy support was positively associated with both perceived autonomy (β = 0.47, p
< .001) and self-efficacy (β = 0.42, p < .001). However, the direct association between autonomy
support and the Behavioral Alignment Score (BAS) was not statistically significant (β = 0.16, p
= .060). Thus, H1 and H2 were supported, but H3 was not supported.
Bootstrapping analyses further clarified these indirect mechanisms (see Table 5). Autonomy
support had a significant indirect effect on BAS via self-efficacy (indirect effect = 0.076, BootSE
= 0.038, BC 95% CI [0.013, 0.162]), as well as a serial indirect effect through perceived
autonomy and self-efficacy (indirect effect = 0.019, BootSE = 0.011, BC 95% CI [0.004, 0.049]).
These results indicate a significant indirect association between autonomy support and BAS
through self-efficacy, as well as a significant sequential mediation by perceived autonomy and
self-efficacy. Thus, H4 was supported.
Figure 3 Standardized path estimates for the Motivational Pathway

Notes. Standardized coefficients are depicted in the figure. *p < .05, ***p < .001.

Social Pathway
The estimated path model for the social path is presented in Figure 4. The social pathway model
showed an acceptable fit, χ²(3) = 9.96, p = .019, RMSEA = .075, CFI = .980, TLI = .921, SRMR
= .032. Consistent with H5–H7, perceived agency was positively associated with perceived
presence (β = 0.52, p < .001), perceived support (β = 0.42, p < .001), and BAS (β = 0.19, p
= .002). These findings indicate that higher levels of perceived agency were associated with
higher levels of perceived presence, perceived support, and behavioral alignment.
Bootstrapping results showed a statistically significant indirect association between perceived
agency and BAS through perceived presence (indirect effect = 0.111, BootSE = 0.044, BC 95%
CI [0.034, 0.204]). The indirect association through perceived support was not statistically
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significant (indirect effect = −0.045, BootSE = 0.033, BC 95% CI [−0.115, 0.014]), and neither
was the sequential indirect association through perceived presence and perceived support
(indirect effect = −0.012, BootSE = 0.010, BC 95% CI [−0.038, 0.002]). These results indicate
that perceived agency influences BAS primarily through perceived presence, providing partial
support for H8.
Figure 4 Standardized path estimates for the Social Pathway

Notes. Standardized coefficients were depicted in the figure. *p < .05, ***p < .001.

Discussion

Drawing on the input–mechanism–output framework (Chib & Lin, 2018), this study examined
two theoretically distinct pathways within a decomposed TIME-HAII action route. Drawing on
the input–mechanism–output framework (Chib & Lin, 2018), this study examined two
theoretically distinct pathways within a decomposed TIME-HAII action route. In the
motivational pathway, perceived chatbot autonomy support was positively associated with
perceived autonomy and self-efficacy, but its direct association with BAS was not statistically
significant. The association between autonomy support and BAS was instead statistically
accounted for by motivational mechanisms, with self-efficacy emerging as the principal mediator
and perceived autonomy functioning as an upstream factor in the sequential mediation pathway.
In the social pathway, perceived chatbot agency was associated with BAS through social
perceptions. Perceived presence was the primary mediator, whereas the hypothesized sequential
pathway involving perceived support was not statistically significant. Overall, the findings
suggest that the motivational pathway was primarily characterized by self-efficacy, while the
social pathway was primarily characterized by perceived presence. These findings carry several
theoretical implications for understanding the psychological architecture of the action route in
human–AI health communication.
Theoretical Implications
The present study advances theory by unpacking the action route in human–AI health
communication. Rather than treating the action route as a unitary mechanism through which
technological affordances translate into behavioral outcomes, our findings suggest that it is better
understood as a differentiated psychological architecture composed of asymmetric motivational
and social processes. This theoretical move helps open the black box of the action route by
specifying not only whether AI affordances matter, but also how different affordances activate
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distinct psychological mechanisms that subsequently shape health-related interactional behavior.
In this sense, the study contributes to communication theory by showing that the action route
may not operate as a single coherent pathway, but as a set of parallel processes driven by
distinctive affordance–mechanism linkages.
A central implication concerns the motivational mechanism underlying autonomy-supportive AI.
The findings suggest that autonomy support promotes behavioral intention not simply by
increasing users’ perceived freedom or choice, but by strengthening behavior-specific capability
beliefs. Self-efficacy therefore serves as a key motivational bridge between autonomy-supportive
interaction and intended health behavior. This pattern is theoretically coherent with self-
determination theory, which treats autonomy and competence as distinct but mutually reinforcing
psychological needs (Deci & Ryan, 2000). Although self-efficacy is not identical to competence
need satisfaction, it can be understood in this context as a behavior-specific capability belief
closely related to perceived competence. Prior SDT research has shown that autonomy-
supportive environments tend to foster competence-related perceptions and self-determined
motivation, and that these motivational processes are consequential for health behavior change
(Edmunds et al., 2006; Hagger & Chatzisarantis, 2009; Ntoumanis et al., 2021). Extending this
line of work to AI-mediated health communication, the present findings suggest that autonomy-
supportive AI may shape behavioral intention by helping users feel not only free to act, but also
capable of acting.
The study also refines the social mechanism through which AI agency shapes behavioral
intention. The findings suggest that AI agency may influence users less through perceived social
support than through the more immediate experience of social presence. This distinction is
theoretically important because perceived presence and perceived support capture different
layers of social response. Perceived presence reflects an experiential sense that a socially
responsive other is available within the interaction, whereas perceived support reflects a more
evaluative judgment that the other provides useful emotional, informational, or instrumental
resources. This conceptual distinction is consistent with classic accounts of presence as the
subjective experience of being with another entity in a mediated environment (Lombard &
Ditton, 1997), as well as with social support research that conceptualizes support as an appraisal
of available or received relational resources (Thoits, 2011). In the context of AI health chatbots,
agentic cues may therefore matter because they make the system feel socially present, attentive,
and interactionally responsive, even if users do not necessarily evaluate the system as a
substantive source of support.
This distinction contributes to communication theory by suggesting that social influence in
human–AI interaction may begin with presence before support. Users may not need to perceive
an AI agent as genuinely supportive in an interpersonal sense for the agent to shape their
behavioral intentions. Instead, a thinner but psychologically consequential sense of co-presence
may be sufficient to activate social responses. The social pathway identified here therefore
complicates support-based accounts of digital health communication by showing that the
experiential immediacy of social presence may be more central than users’ reflective appraisal of
support provision. This interpretation also aligns with emerging work on AI-mediated relational
processes, which suggests that users may respond to agentic systems as socially meaningful
actors even when such systems do not provide support in the same way human partners do
(Scherr et al., 2025).
Practical Implications
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Our findings suggest that merely incorporating autonomy-supportive features, such as offering
customizable interface options, is insufficient to promote meaningful user engagement. Instead,
chatbot design should prioritize enhancing users' self-efficacy, which emerged as the key
mechanism driving behavioral alignment. Practically, this can be achieved by embedding
structured feedback systems (e.g., progress tracking and reinforcement), providing step-by-step
guidance for health-related tasks, and enabling users to actively participate in decision-making
processes rather than passively selecting options. Such strategies align with prior research
showing that self-efficacy is strengthened through guided, actionable instruction and
participatory engagement in health decision-making (Ng et al., 2012; Williams et al., 2006;
Yardley et al., 2016). In this sense, effective design should move beyond "allowing choice"
toward "supporting competence," ensuring that users feel capable of executing recommended
behaviors.
Moreover, the results highlight that perceived presence plays a more critical role than perceived
support in shaping user interaction outcomes. This finding offers a more actionable design
direction, as perceived presence can be directly enhanced through interface and interaction
features. Specifically, chatbots should prioritize responsiveness (e.g., timely and contingent
replies), conversational continuity (e.g., maintaining context across turns), and adaptive
personalization (e.g., referencing prior interactions). Additional strategies documented in prior
literature include using natural language styles, simulating turn-taking dynamics, and
incorporating subtle socio-emotional cues that signal attentiveness (Go & Sundar, 2019; Janson,
2023). Together, these features can strengthen users' sense of "being with" the system, thereby
fostering sustained engagement even in the absence of perceived emotional support.
Limitations and Future Directions
Despite its contributions, this study has several limitations that suggest directions for future
research. First, participant attrition and potential selection bias may limit the generalizability of
the findings. Of the 1,100 individuals who initially consented, 409 were retained in the final
analytic sample. Because baseline characteristics were not collected for the full consented
sample, we could not assess whether retained participants differed systematically from those
excluded. Thus, selective retention and data-availability bias cannot be ruled out. Future studies
should collect baseline measures for all recruited participants and systematically document
attrition and missing behavioral data. Second, the professional background question in the
demographic questionnaire employed a binary response format, categorizing participants as
either "health-related professionals" or "others," which substantially constrains the granularity of
occupational data collected. This dichotomous classification restricted a more nuanced
examination of how specific professional backgrounds may differentially shape participants'
responses. Third, the motivational and social pathways were modeled separately, which
precludes examination of their potential interactions. Future research should adopt integrated and
longitudinal designs to capture the dynamic interplay between these mechanisms over time.
Fourth, despite integrating behavioral trace and survey data, the observational design precludes
firm conclusions about temporal precedence or causality. Experimental and field-based
approaches are therefore needed to more rigorously test the proposed action-route mechanisms.
Finally, the study focused on Chinese users interacting with a single AI health platform, which
may limit cross-cultural and contextual generalizability. Future research should replicate these
findings across diverse cultural contexts, AI systems, and healthcare settings.
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In addition, several findings point to important avenues for further inquiry. The non-significant
role of perceived social support raises unresolved theoretical questions regarding the conditions
under which AI systems can function as meaningful sources of social support. Future research
should explore potential boundary conditions, such as user characteristics or interaction contexts,
that may moderate this relationship. Finally, although the BAS provides a novel behavioral
indicator of human–AI interaction, its relationship with downstream health behaviors and
outcomes remains unclear. Further research is needed to establish its predictive validity in
relation to concrete health-related outcomes.

Conclusion

This study examined how autonomy-supportive and agentic features of AI health chatbots are
associated with users’ behavioral alignment. Drawing on the input–mechanism–output
framework and a decomposed TIME-HAII action route, the findings suggest two distinct
pathways: autonomy support was linked to behavioral alignment primarily through motivational
mechanisms, especially self-efficacy, whereas chatbot perceived agency was linked to behavioral
alignment primarily through perceived presence. These patterns indicate that the action route
may be better understood as a differentiated psychological architecture. The findings suggest that
effective AI health chatbots should support both users’ capability beliefs and their sense of
socially responsive interaction.
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