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Abstract  
Encouraging utterances is widely used in supportive dialogue 
systems; however, how this should be designed for Well-Be-
ing AI remains underexplored. The Technology Acceptance 
Model (TAM) is sometimes interpreted as suggesting a sim-
ple, monotonic relationship in which more positive attitudes 
toward AI lead to higher perceived effectiveness of AI-medi-
ated support. In our preliminary study with older Japanese 
adults examining AI-delivered encouragement, we measured 
participants’ baseline attitudes toward AI and collected per-
ceived effectiveness ratings of encouragement strategies 
across multiple strategy types and worry contexts. This study 
provides preliminary indications that perceived effectiveness 
may not be well explained well by a simple linear assumption 
regarding users’ attitudes toward AI. Based on these obser-
vations, this paper proposes five design principles for encour-
agement in Well-Being AI, with a focus on adapting encour-
agement type selection based on users’ attitudes toward AI. 
Our key ideas include reframing “user attitudes toward AI” 
from a pre- and post-interaction evaluation measure to a dy-
namic signal that should be continuously recognized and re-
sponded to during interaction. Encouragement strategy selec-
tion and realization should be guided by users’ current atti-
tudes and interaction feedback. In this process, users’ evolv-
ing attitudes reshape the system’s behavior, while the sys-
tem’s responsive support in turn influences users’ subsequent 
attitudes. This bidirectional adaptation informs the design of 
emotionally supportive interactions and may contribute to the 
co-evolution of human and machine intelligence in Well-Be-
ing AI. 

 Introduction 
As conversational agents and chatbots designed for well-be-
ing become increasingly prevalent, these systems can listen 
to users’ worries, provide emotional support to reduce stress 
and anxiety, and promote well-being (Vaidyam et al. 2019). 
Emotional support encompasses a range of behaviors, from 
attentive listening and validation to active encouragement 
and advice-giving (Cutrona and Suhr 1992). Prior research 
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has shown that attentive listening can reduce stress in sup-
portive interactions (Weger et al. 2014). However, listening 
and encouragement may differ in how they alleviate distress. 
Research on social support suggests that effective support-
ive communication works primarily by facilitating the recip-
ient’s cognitive reappraisal of stressful situations, rather 
than through receptive responses alone (Burleson and Gold-
smith 1998), and messages promoting cognitive reappraisal 
may produce greater reductions in emotional distress than 
receptive responses (Batenburg and Das 2014). Receptive 
listening alone may not enable the cognitive reframing, 
which is central to longer-term recovery (Pauw et al. 2018). 
Encouragement goes beyond receptive listening by actively 
reframing concerns and motivating coping behavior, which 
may enhance well-being in situations of worry and stress 
(Khan 2013; Xiang et al. 2025). This study focused on ver-
bal encouragement. As a proactive form of emotional sup-
port, its effectiveness in AI-mediated settings is particularly 
sensitive to how users perceive and evaluate the AI deliver-
ing it. Therefore, encouragement is one of the core interac-
tion behaviors that Well-Being AI systems should prioritize 
in their designs. 
 In AI-mediated encouragement, user responses are 
shaped not only by the content of supportive utterances and 
usability, but also by users’ attitudes toward the AI and their 
broader evaluations of the system, such as perceived credi-
bility and trust (Pan et al. 2017). Accordingly, users’ thresh-
olds for accepting the same supportive utterance and the 
ways in which they interpret it may vary as their attitudes 
fluctuate (Lyons, Hamdan, and Vo 2023). Studies on emo-
tion recognition and empathic dialogue primarily focus on 
users’ affective states during interaction, such as stress, de-
pressive mood, and positive or negative affect (Wang and 
Beigi 2025; Kim et al. 2025). However, beyond users’ mo-
mentary emotional states, AI-mediated support also in-
volves how users feel about the AI itself. Few studies have 
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explicitly modeled such AI-directed affect, including nega-
tive attitudes toward AI, as a state that should be recognized 
and responded to in real time during interaction. 
 In this paper, we argue that AI-delivered encouragement 
can more effectively promote well-being when the selection 
of encouragement strategies is informed by users’ current 
attitudes toward AI. Unlike conventional approaches that se-
lect strategies based primarily on users’ emotional states or 
predefined rules, we propose that users’ attitudes toward AI 
should be treated as a key input for strategy adaptation. Us-
ers’ attitudes toward AI may shape how supportive utter-
ances are interpreted. Therefore, attending to this dimension 
should be one of the core design considerations for AI sys-
tems that aim to support well-being, whether implemented 
as virtual agents or physically embodied robots. 
 Meanwhile, research on trust calibration and automation 
bias (Tatasciore and Loft 2025) indicates that affective sup-
port systems should manage dependency risks while pro-
moting well-being. This includes mitigating avoidance or 
rejection driven by under-trust, as well as blind compliance 
and over-reliance driven by over-trust (Romeo and Conti 
2025). A methodological gap also remains in the evaluation 
of sustained interactions. Widely used questionnaires, such 
as the Godspeed Questionnaire Series (Bartneck et al. 2009), 
Robotic Social Attributes Scale (RoSAS) (Pan et al. 2017), 
and Negative Attitudes toward Robots Scale (NARS) 
(Nomura et al. 2006), are useful for pre/post-assessment 
and cross-sectional comparisons. However, their reliability, 
sensitivity, and respondent burden under long-term repeated 
administration may remain insufficiently validated 
(Matheus et al. 2025). 
 Therefore, this paper advances a design perspective for 
Well-Being AI that treats users’ attitudes toward AI as an 
important signal in emotionally supportive interaction. The 
Technology Acceptance Model (TAM) posits that user ac-
ceptance of a technology is primarily determined by its per-
ceived usefulness and perceived ease of use, with attitude 
towards the technology serving as a mediating variable (Da-
vis 1989). The TAM has been extended to explain the ac-
ceptance of social and embodied AI systems (e.g., Heerink 
et al. 2010), and is sometimes interpreted as implying that 
more positive attitudes toward AI may yield higher per-
ceived effectiveness of supportive interactions. However, 
encouraging utterances should not rely on the assumption 
that more positive attitudes always yield better outcomes. 
Instead, users’ attitudes toward AI should be treated as dy-
namic affective signals that can fluctuate during interaction 
and thus require continuous recognition and responsive ad-
aptation. Building on this, we propose actionable design 
principles and evaluation recommendations for emotional 
support and dependency risk management in sustained in-
teractions. 

 From a co-evolutionary perspective, this process is not 
unidirectional: as the system adapts its encouragement strat-
egies to users’ evolving attitudes, users in turn develop new 
expectations and reliance patterns that reshape subsequent 
interactions. This bidirectional adaptation constitutes a form 
of human–AI co-evolution in emotionally supportive con-
texts. 

Preliminary Study 
Building on the theoretical background above, we con-
ducted an exploratory online survey with older Japanese 
adults to investigate the perceived effectiveness of different 
AI-delivered encouragement strategies across worry con-
texts, and how users’ baseline attitudes toward AI may relate 
to these perceptions. This study analyzed the AI-delivered 
encouragement conditions of 31 older Japanese older adults 
(aged 65–74 years; 12 females, 19 males). The participants 
were first asked to describe an everyday worry. Based on a 
prior classification framework (Tanaka 2015), encourage-
ment was categorized into five types: (1) “Reassurance and 
affirmation” (affirming with positive praise), (2) “Express-
ing concern” (showing sympathy by asking questions), (3) 
“Encouragement to take action” (motivating the person to 
act), (4) “Offering specific actions” (offering concrete help), 
and (5) “Distraction” (shifting focus away from problems). 
For each strategy type, participants were presented with its 
definition. After understanding each definition, they rated 
the perceived effectiveness of that encouragement type on a 
scale of 0 to 100. Each participant provided ratings for both 
psychological and physical worry contexts. Participants’ 
baseline attitudes toward the AI were measured using the 
Negative Attitudes toward Robots Scale (NARS) (Nomura 
et al. 2006).  
 Overall, the perceived effectiveness varied across strat-
egy types and worry contexts. Most linear associations be-
tween NARS subscale scores and perceived effectiveness 
were small. However, several strategy-specific and context-
dependent patterns emerged. In physical worry contexts, 
“Offering specific actions” showed nonlinear (quadratic) as-
sociations with NARS-S1 and NARS-S2, exhibiting an in-
verted U-shaped pattern and a positive linear association 
with NARS-S3; other strategies did not show clear linear or 
nonlinear trends. Additionally, “Expressing concern” 
showed lower perceived effectiveness among participants 
with higher NARS-S2 scores. In psychological worry con-
texts, “Expressing concern” showed a positive association 
with NARS-S3, while other strategies did not show clear 
trends. These observations suggest that the attitude–effec-
tiveness relationship is strategy-specific and context-de-
pendent, rather than being well captured by a single linear 
assumption. Accordingly, attitudes toward AI may shape 
how users interpret supportive messages and where they 
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draw acceptability boundaries, which in turn may influence 
how encouragement strategies are perceived across different 
contexts. Detailed statistical analyses will be reported sepa-
rately. 
 This was an exploratory and preliminary study. It featured 
a relatively small sample limited to older adults in Japan and 
a single-session online survey design. This initial investiga-
tion focused specifically on verbal encouragement, which is 
just one form of emotional support. This study did not con-
sider broader types of support, such as informational or in-
strumental, nor did it include a listening-only control condi-
tion. Additionally, finer-grained subtypes of worries and de-
tailed individual contextual factors were not distinguished. 
Moreover, attitudes toward AI were measured only as a pre-
interaction baseline using a self-report scale. Therefore, the 
potential dynamic evolution of such attitudes across sus-
tained, multi-turn interactions remains unexamined, as does 
the feasibility of recognizing them in real time with low-
burden measures. 
 Notwithstanding these limitations, the pilot observations 
motivate a set of design principles that treat user attitudes as 
dynamic signals requiring continuous recognition and re-
sponse during interactions. 

Guiding Design Principles 
Our preliminary study provided design-relevant indications 
that perceived effectiveness of AI-delivered encouragement 
may vary across strategy types and worry contexts, and that 
users’ attitudes toward AI may relate to these perceptions in 
context-dependent ways. Motivated by these observations 
and previous literature, this paper proposes design principles 
for delivering encouragement in AI systems that support 
sustained interaction and promote user well-being. 
 Our central claim is that users’ attitudes toward AI are not 
merely explanatory factors of acceptance or satisfaction. Ra-
ther, they can shape how users interpret supportive utter-
ances and where they draw acceptability boundaries during 
interactions. Consequently, users’ attitudes toward AI 
should inform both the selection of encouragement strate-
gies and how these strategies are expressed. We propose the 
following five principles as actionable design hypotheses to 
guide subsequent system design and evaluation. 

P1. Treat Attitudes as Dynamic State Signals Dur-
ing Interaction (AI-directed Affect) 
Users’ attitudes toward AI (such as AI-directed unease or 
negative evaluations) should not be treated as static, one-
time assessments made before or after an interaction. In-
stead, they can be conceptualized and modeled as dynamic 
state signals that fluctuate during interaction. Therefore, 
systems can benefit from continuously tracking this attitudi-
nal signal, both within and across sessions, and using it as a 

key input for both selecting encouragement strategies and 
shaping the linguistic style of their utterances. 

P2. Offer Choice and Controllability to Safeguard 
Autonomy 
Emotional support systems should provide users with ex-
plicit controls over both the style and intensity of encour-
agement. These controls should be readily accessible, allow-
ing users to adjust or disable their encouragement at any 
time. This flexibility can reduce the perceived intrusiveness 
and the loss of agency that arises when the system overrides 
users’ judgment. More importantly, it preserves users’ fun-
damental ability to decline support and regulate their own 
engagement. Such designs are therefore important for align-
ing AI systems that aim to support well-being with the ethi-
cal principle of user autonomy. 

P3. Promote Trust Calibration and Appropriate 
Reliance 
To prevent over-reliance, the system should support trust 
calibration. This involves routinely communicating its capa-
bility boundaries and the uncertainty of its recommenda-
tions, while avoiding design cues that inflate perceived ca-
pability or certainty. The overarching goal should shift from 
maximizing trust to ensuring that user reliance remains ap-
propriate to the system’s actual capabilities. Accordingly, 
when signs of high dependence or reduced vigilance are de-
tected, the system should provide brief prompts to help users 
preserve their capacity to question and make choices. 

P4. Dynamically Adapt Support Using Attitudinal 
and Behavioral Cues 
When users exhibit strong negative attitudes, the system 
should adopt a more deferential and less directive approach. 
This entails avoiding overly intimate framing and refraining 
from decision substitution, minimizing highly directive lan-
guage, and explicitly emphasizing user autonomy through 
phrases such as “it is up to you.” A key implication is that 
support strategies should not be assumed to work uniformly 
in AI-mediated interaction; instead, their effectiveness 
should be validated and adapted to the user’s context and 
feedback. Building on this, the system should implement a 
continuous adaptation loop that updates strategy selection 
and message formulation during interaction by integrating 
inferred attitudinal states with immediate behavioral feed-
back (e.g., acceptance, rejection, and continued engage-
ment). 

P5. Maintain Support Diversity and Acknowledge 
the Heterogeneity of Strategies and Contexts 
Given that encouragement effectiveness is strategy-specific 
and context-dependent, AI systems that aim to promote user 
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well-being should avoid pursuing a single, universal strat-
egy. Instead, they should maintain a diverse repertoire of 
support options spanning multiple strategies and expressive 
styles to accommodate the heterogeneity in users’ attitudes, 
states, and interaction contexts. Accordingly, strategy selec-
tion should be adaptive, balancing supportive experience 
(e.g., engagement and comfort) with risk management (e.g., 
preventing over-reliance and preserving autonomy). This 
repertoire should also include the option of attentive listen-
ing without active encouragement, as some users’ stress 
may be alleviated through receptive support alone, and rec-
ognizing when not to encourage is itself part of an attitude-
aware design. 

Integrated Mechanism 
The five principles above are not independent guidelines but 
are components of a closed-loop interaction mechanism. In 
practice, they operate as follows: 
 First, the system continuously estimates the user’s current 
attitudinal state through low-burden measures and behav-
ioral cues (P1). Based on this estimation, the system selects 
an appropriate encouragement type and expressive style 
from a diverse strategy repertoire (P5), adapting its ap-
proach to the user’s inferred attitude (P4). For example, 
when strong negative attitudes are detected, the system 
avoids highly directive strategies and shifts toward more au-
tonomy-respecting expressions. During delivery, the system 
provides the user with options to adjust or decline encour-
agement (P2). Finally, the user’s responses (e.g., acceptance, 
rejection, and continued engagement) are fed back into the 
sensing stage, updating the attitude estimation and initiating 
the next cycle (P1, P4). Throughout this loop, the system 
periodically communicates its capability boundaries and in-
serts calibration prompts when signs of over-reliance are de-
tected (P3), ensuring that trust calibration operates as a con-
tinuous safeguard across all stages. This continuous loop en-
sures that all five principles work together as an integrated 
adaptation mechanism rather than as a static checklist. The 
mechanism is shown in Figure 1. 
 

 
Figure 1: Integrated Mechanism: Attitude-Aware Adapta-

tion Loop 

 The principles proposed in this paper are formulated at a 
modality-independent level and are intended for application 
to both virtual agents and physically embodied robots. How-
ever, embodiment may influence users’ attitudes toward AI 
in important ways. Physical robots elicit a stronger social 
presence and may amplify both positive engagement and 
negative reactions, such as uncanny valley effects (Mori et 
al. 2012), which could make attitude dynamics more pro-
nounced and continuous attitude sensing more critical. Sim-
ultaneously, embodied systems offer richer multimodal cues 
(e.g., gaze, gesture, and proximity) that can serve as addi-
tional behavioral indicators for real-time attitude estimation. 
Future studies should examine how embodiment modulates 
the attitude-aware adaptation proposed in this paper. 

Conclusion 
This study examined encouraging utterances as a repre-
sentative emotional support scenario and advanced a design 
perspective in which users’ attitudes toward AI are treated 
not only as acceptance measures assessed before or after in-
teraction but also as dynamic affective signals that require 
continuous recognition and response during interactions. 
 A preliminary study with older Japanese adults provided 
design-relevant indications that perceived effectiveness may 
vary across strategy types and worry contexts and that the 
relationship between users’ attitudes toward AI and per-
ceived effectiveness may be context-dependent rather than 
linear. These observations motivate a design implication: 
encouragement design should consider the interplay among 
users’ attitudes toward AI, strategy choice, and worry con-
text. 
 Building on these observations and previous literature, 
this paper proposed five design principles for delivering en-
couragement in AI systems that support sustained interac-
tion and promote user well-being. These principles empha-
size treating attitudes as dynamic signals to inform strategy 
selection and linguistic realization within and across ses-
sions; protecting user autonomy through choice and control-
lability; promoting trust calibration and appropriate reliance 
by communicating system boundaries and recommendation 
uncertainty; dynamically adapting strategies based on attitu-
dinal and behavioral cues; and maintaining support diversity, 
including the option of attentive listening without active en-
couragement. An integrated mechanism illustrating how the 
five principles operate as a closed-loop adaptation cycle was 
also presented. 
 By treating users’ attitudes as dynamic signals that both 
shape and are shaped by the system’s supportive behavior, 
the proposed framework may provide a broader discussion 
of human–AI co-evolution: humans’ evolving attitudes re-
shape the system’s behavior, while the system’s responsive 
adaptation influences humans’ subsequent experience and 
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attitudes. This bidirectional process aligns with the goals of 
Well-Being AI to co-evolve human and machine intelli-
gence. 
 Future work should develop low-burden, repeatable 
methods to assess attitudinal states during interaction over 
longer time spans and across broader populations, for exam-
ple, by combining short scales with behavioral cues or mul-
timodal signals. These approaches should be evaluated in 
real-world deployments and within existing support settings. 
Further research should assess the efficacy of strategy adap-
tation based on dynamic attitude sensing in improving well-
being outcomes while reducing over-reliance and preserving 
users’ ability to question and choose. Such evaluations 
should also compare the effects of active encouragement 
against attentive listening alone to clarify the incremental 
contribution of encouragement. Additionally, research 
should examine escalation or referral mechanisms to deter-
mine whether guiding users to more appropriate support 
when elevated negative attitudes or high dependency risks 
are detected can further improve outcomes. Ultimately, im-
plementing and evaluating the proposed principles in a 
working system is essential to validate whether attitude-
aware adaptation improves well-being in sustained interac-
tions. 
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