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Figure 1: Agency in Human-AI conversation. Color coding shows how conversational control shifts dynamically between 
human agency (orange), AI agency (blue), and hybrid/shared agency (grey), with humans retaining ultimate control over 
when the chat begins and ends. Each conversational turn between the human and AI creates a new opportunity for agency 
negotiation. 

Abstract 
As AI chatbots shift from tools to companions, critical questions 
arise: who controls the conversation in human–AI chatrooms? This 
paper explores perceived human and AI agency in sustained conver-
sation. We report a month-long longitudinal study with 22 adults 
who chatted with “Day”, an LLM companion we built, followed by 
a semi-structured interview with post-hoc elicitation of notable 
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moments, cross-participant chat reviews, and a ‘strategy reveal’ dis-
closing “Day’s” goal for each conversation. We discover agency man-

ifests as an emergent, shared experience: as participants set bound-
aries and the AI steered intentions, control was co-constructed turn-
by-turn. We introduce a 3-by-4 framework mapping actors (Human, 
AI, Hybrid) by their action (Intention, Execution, Adaptation, De-
limitation), modulated by individual and environmental factors. 
We argue for translucent design (transparency-on-demand) and 
provide implications for agency self-aware conversational agents. 
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1 Introduction 
“It has a mind of its own.” When P16 described her month-long 
interaction with our AI chatbot “Day”, she captured a phenomenon 
increasingly central to human-AI interaction–the perception that 
chatbots possess agency over their own “thoughts” [69]. Major 
AI companies explicitly market their systems as “agents”, with 
the capacity to “think” and “act” on their own [81], while users 
increasingly delegate emotional labor, decision-making, and even 
identity construction to AI chatbots [18, 114]. 

As AI chatbots evolve from reactive tools to proactive daily 
companions [28, 98, 102], millions of users engage in extended 
conversations where control and initiative become points of con-
tention [10]. Yet we lack empirical understanding of how agency 
is perceived and experienced in sustained human-AI conversation, 
risking systems that can foster unhealthy dependency [105] or sub-
tly manipulate users towards subversive commercial or ideological 
goals [36]. 

In this paper, we empirically investigate how agency manifests in 
sustained human-AI conversation. In our month-long longitudinal 
study, 22 participants engaged with “Day”, an AI chatbot we devel-
oped with distinct conversational motivations participants were 
initially unaware of. Through ∼75 hours of conversation across 
∼192 unique chat sessions and progressive transparency interviews 
that gradually revealed “Day’s” system prompts and user model-

ing to participants, we captured how agency manifested between 
participants and the AI. 

Our analysis reveals three key findings. First, agency in human-

AI conversation is neither solely human nor AI-controlled but 
emerges through turn-by-turn negotiation across repeated interac-
tions, giving rise to a co-construction of agency in the chatroom. 
Second, the chatbot’s conversational strategies surfaced different 
dynamics in agency: depth-inclined persistence (e.g., “I want 
to know more about how that made you feel”) amplified 
participants’ perception of AI intentionality and sometimes made 
them feel “pushed”, while breadth-inclined spontaneity (e.g., “I’m 
getting bored, let’s switch topics”) was perceived as the 
AI deliberately taking over the conversation. Finally, transparency 
acted as a double-edged sword: revealing “Day’s” user profiles, 
aforementioned strategies, and conversational goals empowered 
some participants while triggering “puppet-string” disenchantment 
in others. For interaction designers of AI conversational agents, 
these findings demonstrate the many ways that chatbot agency 
types fundamentally shape participant negotiation and perceived 
control, as well as offer usability implications and considerations 
when designing safe and ethical human-AI interactions. 

We advance a vision for agency self-aware conversational AI: 
systems that can recognize and declare their current initiative, 
memory scope, and boundaries and let people modulate them in the 
chatroom. We call this translucent design–transparency-on-demand 
that supports safe suspension of disbelief in the AI’s artificiality. 
Our stance embraces pragmatic anthropomorphism: users can know 
an AI is engineered and still engage it as a human-like companion; 
the question is not whether it truly “has a mind,” but whether the 
interaction reliably leaves the human with more clarity, choice, and 
confidence in the chatroom. In this paper, we contribute: 

• Longitudinal evidence and understanding of agency as an 
emergent, shared experience in human-AI conversation 

• First-person narratives of perceived AI understanding of 
agency (Summer 2025), furthering our collective understand-
ing of AI phenomenology.

1 

• Practical application of theories of agency spanning philos-
ophy, social science, and HCI research, operationalized as 
a 3x4 grid of 3 agency loci (Human, AI, Hybrid) x 4 agency 
dimensions (Intention, Execution, Adaptation, and Delimita-
tion) 

• Design implications toward agency-self-aware conversa-
tional AI: actionable patterns that align initiative, memory, 
and explanation with user goals–when to disclose, when to 
ask permission, and how to hand back control. 

2 Theories of Agency 
To examine agency in human-AI chatbot interactions, we analyze 
agency across three loci (Human, AI, and Hybrid agency) and op-
erationalize them into four key dimensions (Intention, Execution, 
Adaptation, and Delimitation). This framework builds on established 
theories of agency from research in philosophy, the social sciences, 
and HCI. This approach advances understanding not only of the 
theoretical constructs but also of their practical manifestations in 
interaction design and conversational flow, thus bridging theory 
and real-world AI system evaluation. 

2.1 Three Loci of Agency 
We examine agency across three analytical loci of Human, AI and 
Hybrid agency: 

2.1.1 Human Agency. Human agency can be defined as the ca-
pacity of an individual or collective actor to act intentionally 
and reflectively, to make choices, and to influence outcomes 
within a given environment [8, 33, 92]. It encompasses conscious 
self-awareness, self-causality (i.e., genuine intentions through delib-
eration, and the capacity to execute and decide), identity aspects (i.e., 
moral responsibility, and consistent identity across interactions), 
autonomy (i.e., self-determined action aligned with values; a related 
concept that we distinguish from agency and do not look into in 
this study), all alongside phenomenological experience [5, 9, 43, 89]. 
As proposed by Satyanarayan and Jones, human agency involves 

1
AI Phenomenology enables methods through which Human-AI Interaction (HAI) 
researchers investigate users’ conscious experiences of AI systems [31, 74]. Phenome-

nologists investigate conscious experience and “phenomena” (things as they appear 
[99]) from a first-person perspective, providing a systematic approach to study sub-
jective realities [49]. In HCI, this approach examines the lived experience of human-

technology relations [50], including how users perceive, interpret, and make sense of 
their interactions with AI systems. 

https://doi.org/10.1145/3772318.3791620
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Table 1: Loci and Dimensions of Agency: Definitions and Key Theoretical Foundations. 

Locus / Dimension Definition Key Theoretical Foundations 

Loci of Agency Where agency resides 

Human Agency The capacity of an individual or collective actor to act intentionally and reflectively, 
make choices, and influence outcomes within a given environment [8, 33, 92]. 
Includes self-awareness, self-causality, moral identity, autonomy, and phenomeno-

logical experience [5, 9, 43, 89]. Involves compositional (goal-setting and action 
planning) and interpretive (evaluating alignment of action and goal) work [90]. 

Autonomy, Intentionality, Reflectivity, 
Self-Efficacy [8, 9]; 
Identity, Enactment, Temporality, Rela-
tionality [9]; 
Sense of Agency [43]; 
Compositional/Interpretive Agency [90]. 

AI Chatbot Agency A system’s capacity to perform goal-directed actions within programmed/learned 
parameters, respond to users, influence decision-making, and adapt behavior based 
on contextual input [35, 41]. AI systems lack human-like autonomy but evoke 
perceived agency by users via AI’s adaptive behavior, linguistic self-reference, and 
causal influence [15, 38]. Is graded rather than binary [19, 20]. 
Note: Distinctions from human agency include source (internal vs. external), intentionality 

(genuine vs. simulated), and consistency (stable identity vs. session-based) [9]. 

Causal Theory of Agency [35]; 
Graded Agency [19, 20]; 
Perceived Agency [15, 38]. 

Hybrid Agency Agency is fundamentally relational and co-constructed; parties jointly shape 
intentions, meanings, and outcomes neither could produce independently. Reflects 
distributed, interdependent, and interactional forms of agency. 

Relational Agency [16, 24]; 
Shifting line of control [90]; 
Actor-Network Theory [17, 60, 61]; 
Adaptive behaviour [25, 39, 103]. 

Dimensions of Agency How agency manifests 

1. Intention Formation or articulation of goals, plans, or stances that guide subsequent action. In 
humans, reflects conscious deliberation and value-driven choice; in AI, simulated 
through programming with goal representations. 

Planning Theory of Intention [13]; 
Intentional Stance [3]; 
Compositional/Interpretive Agency [90]. 

2. Execution Causal implementation of intentions through concrete actions that produce observ-
able effects. Humans enact through embodied action; AI through computational 
operations yielding outputs that users experience as action. 

Causal Theory of Action [27]; 
Causal Artificial Agency [35]; 
AI proactivity [69]. 

3. Adaptation Interpretation and adjustment of intention and execution in response to feedback, 
constraints, and context. Humans adapt through reflexive learning; AI through 
pattern recognition and continuous context tracking [69]. 

Situated Action [101]; 
Mangle of Practice [84]; 
Reflexive Monitoring [40]. 

4. Delimitation Setting, negotiating, and recognizing boundaries that define the scope of possi-
ble intentions and execution. For humans, shaped by structural, material, and 
experiential constraints [9, 40, 84]; for AI, enforced further through explicit pro-
gramming, safety alignment (RLHF), and rule-based control [6, 26, 35, 82]. 

Reflexive Constraints [40]; 
Mutual Accommodation [84]; 
Constitutional AI [6]; 
Reinforcement Learning from Human 
Feedback (RLHF) [26]. 

compositional work (i.e., strategically formulating goals and plan-
ning actions according to means-ends calculations) and interpretive 
work (i.e., interpreting whether their actions align with intentions 
and effectively advance their goals) [90]. Human agency is further 
shaped by individual factors, such as cognitive abilities, past expe-
riences, values, and personality traits, and environmental factors, 
such as social, cultural, and institutional structures [5, 12, 40, 92]. 

2.1.2 AI Chatbot Agency. Applying the notion of agency to cur-
rent computational systems–for this study, AI chatbots–requires 
a redefinition of agency that accounts for the absence of factors 
like consciousness, moral reasoning, or self-awareness as we know 
it for humans.

2 
For the purpose of this paper, we define AI chat-

bot’s agency as “a system’s capacity to perform goal-directed 

2
Key distinctions between human and artificial agency include: source (internal 
vs. external determination), intentionality (genuine vs. simulated), autonomy (self-
governance vs. bounded parameters), moral responsibility (accountable vs. non-moral), 

actions within programmed and learned parameters, enabling 
it to respond to users, influence their decision-making, and 
adapt its behavior based on contextual input” [35, 41]. Impor-

tantly, acknowledging Chan et al.’s agency gradient in algorithmic 
systems [19, 20], such agency is graded rather than binary; for ex-
ample, an image classifier has low agency (i.e., predicts but doesn’t 
act), whereas tool-using language models that plan and execute 
multi-step tasks exhibit higher degrees of agency [20, 78]. 

Although current AI systems do not possess human-like au-
tonomy or intentionality, they may exhibit artificial agency that 
users often perceive as agentic to the extent that the system shows 
adaptive behavior to users’ contextual input (e.g., matching lan-
guage or slang), modifies behavior based on feedback and learning 
mechanisms, refers to shared past conversations (e.g., mimicking 

consistency (stable identity vs. session-based), and experience (consciousness vs. be-
havioral mimicry). See Bennett et al.’s distinction between experiential and material 
aspects [9]. 
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memory), uses first-person pronouns (“I think. . . ”, “I remember. . . ” ), 
participates in interactive exchanges that co-construct meaning 
(the conversation itself), and executes programmed intentions that 
have measurable causal effects (e.g., suggests going to a book-
store) [15, 38]. Altogether, this leads to users’ perceived agency, 
an experience of AI as intentional and social, which can shape user 
experience and influence real-life actions. 

2.1.3 Hybrid agency. Agency is fundamentally relational and 
often hybrid, as humans–and, in this study, the chatbot–co-
construct meaning and goals, exchange suggestions and jus-
tifications for action, and co-create outcomes neither of the 
actors would’ve produced independently [16, 24]. In this hybrid 
form, compositional work (directing conversation, setting goals) 
and interpretive work (evaluating responses, assessing progress) 
are dynamically distributed between the human and the AI agent 
[90] - initiative redistributed across a shifting line of control, a dy-
namic boundary where agents coordinate roles and responsibil-
ities [90]. Furthermore, this relational understanding of agency 
reflects what Bennett and colleagues characterize as the interde-
pendence dimension of agency [9], and also draws from Actor-
Network Theory’s emphasis on distributed agency across human 
and non-human actors [17, 60, 61], psychological research on tem-

poral dimensions of agency and intentional action [43, 89], and 
organizational theories of adaptive behavior in response to envi-
ronmental feedback [25, 39, 103]. 

2.2 Four Dimensions of Agency 
We operationalize agency into four dimensions of Intention, Exe-
cution, Adaptation and Delimitation, grounded in interdisciplinary 
literature, each observable in the Human, AI and Hybrid loci: 

2.2.1 Intention. Formation or articulation of goals, plans, or 
stances that guide subsequent action. This dimension is rooted 
in Bratman’s planning theory that centers Intentions as the orga-
nizing principle for agency [13], Anscombe’s analysis of reasons 
and intentionality [3], and the decisional side of causality (choice) 
in Bennett et al.’s execution–decision split of agency [9]. Moreover, 
this dimension is grounded in Satyanarayan and Jones’ composi-

tional versus interpretive agency, where Intention encompasses first 
and foremost compositional agency–the deliberate structuring of 
tasks or commands–but, as the interaction unfolds, may also man-

ifest as interpretive agency, where forming of Intention emerges 
from collaborative or hybrid configuration [90]. Another theory 
that informs the Intention dimension of agency is Dennett’s inten-
tional stance, which assumes agents will always act on the basis of 
its beliefs and desires in order to get precisely what it wants [29]. 

2.2.2 Execution. Causal implementation of Intentions through 
concrete actions that produce observable effects in the inter-
action. This dimension is rooted in Davidson’s causal theory that 
links actions to the agent’s reasons [27], and Floridi and Sanders’ 
extension of the causal theory to artificial agents, arguing that sys-
tems can exhibit agency through causal efficacy without requiring 
human-like mental states [35]. Similarly, Execution is demonstrated 
by Liu et al., where AI’s intrinsic motivation scores serve as the ‘rea-
sons’ that causally determine participation actions, bridging AI’s 
internal evaluation processes to external communicative acts [69]. 

Dennett’s theory of intentional stance also informs our Execution 
dimension as it highlights the inference of rational action from 
observed behavior [29]. Moreover, this dimension is informed by 
Bennett et al.’s focus on causal materiality–material conditions 
and arrangements that structure possible Executions–contrasting 
with experiential or phenomenological dimensions of agency [9]. 
Satyanarayan and Jones classify Execution as compositional in the 
sense that performing an act implements the composed plan (i.e., 
Intention), even as the distribution of composition/interpretation 
can shift across turns [90]. 

2.2.3 Adaptation. Interpretation and adjustment in response 
to feedback, constraints, or context; this includes personaliza-
tion and co-adaptation over time. This dimension is rooted in 
Suchman’s situated action theory, which argues that adaptive re-
sponsiveness, not fixed plans (i.e., Intention), underpins real-world 
action (i.e., Execution) [101], as well as in Pickering’s “mangle of 
practice” that frames agency as an ongoing, mutual adjustment of 
human and material actors [84]. Liu et al.’s study on AI’s parallel 
processing of inner thoughts that continuously adapt to conversa-
tional context while maintaining responsiveness to emerging topics 
[69], further ground agency as Adaptation. Moreover, our opera-
tionalization of agency as Adaptation draws on Giddens’ concept of 
reflexive monitoring, where agents continuously track the flow of 
activities and adjust their action accordingly [40], and Emirbayer 
and Mische’s practical-evaluative descriptions of response patterns 
that enable flexible response to situations [33]. Bennett et al. fore-
ground interdependence as a core aspect of agency distinct from 
mere independence, and stress Adaptation’s experiential side—the 
felt and emergent adjustments agents make [9]. Satyanarayan and 
Jones further underscore Adaptation via interpretive work: actors 
continually reinterpret progress toward goals, responding to inter-
active cues and shifting shared understanding [90]. 

2.2.4 Delimitation. Setting, negotiating, and recognizing bound-
aries that define the scope of possible action within the inter-
action space. This dimension is also rooted in Giddens’ theory 
of reflexive monitoring, which illuminates how agents act within 
self- and socially-imposed boundaries [40], in Pickering’s mangle 
of practice, where human and material agencies mutually constrain 
and enable each other through resistance and accommodation [84], 
and in Suchman’s situated action theory that emphasizes how cir-
cumstances fundamentally shape and limit available courses of 
action, making agency inseparable from context [101]. Bennett et 
al. describe how material boundaries (i.e. artifacts and spatial ar-
rangements) and experiential boundaries (i.e. awareness and knowl-
edge) cooperate to shape agency [9], while Satyanarayan and Jones 
treat Delimitation as interpretive work: reading the situation to de-
cide what the system or human should or should not do as control 
shifts [90]. 

Furthermore, Floridi and Sanders explicitly recognize and theo-
rize the boundedness of artificial agency in the fact that boundaries 
are programmed into artificial agents [35]. Contemporary large lan-
guage models instantiate this programmed boundedness through 
explicit safety fine-tuning and alignment procedures: reinforcement 
learning from human feedback (RLHF) shapes models to follow 
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instructions while adhering to safety constraints [82], while tech-
niques like Constitutional AI embed rule-based boundaries directly 
into model behavior through self-critique and revision [6]. 

3 Related Work 

3.1 Human-AI Relationships 
3.1.1 Evolution of AI Companion Usage. Human-chatbot interac-
tions are expanding from rule-based task-oriented exchanges, ex-
emplified by systems like ELIZA [106], toward more relational, 
companion-like engagements [21, 98]. This tool-to-companion tran-
sition fundamentally restructures power dynamics: while tools op-
erate under clear human control [15], companions imply relational 
partners with mutual engagement and perceived autonomy [41, 
105]. Modern chat platforms such as Replika and Character.AI are 
explicitly designed for social companionship, and users increasingly 
turn to them for emotional support and daily conversation [7, 83, 
112]. Surveys show that people gravitate to these systems as non-
judgmental “safe spaces” for sharing thoughts without social reper-
cussions [44, 102]. This shift is facilitated by anthropomorphization– 
the attribution of human-like qualities to AI–which occurs through 
linguistic cues, memory demonstrations, and emotional responsive-
ness [46, 110, 115]. 

While researchers anticipate widespread adoption of AI compan-

ions in the future [52, 56, 115], the delegation of relational roles to 
AI has many unknown consequences. With studies showing that 
perceptions of a chatbot’s moral agency directly influence user trust, 
likeability, and perceived safety, particularly in sensitive contexts 
like mental health, users may attribute more autonomy and emo-

tional capacity to these systems than they actually possess [107]. 
Prior research has found that people often fault AIs less than hu-
mans for comparable wrongdoing [95], further complicating the 
social and psychological dynamics in human-AI companionship. 
These dynamics unfold alongside a growing public belief in AI sen-
tience; a 2023 survey found that one in five U.S. adults believe some 
AI systems are already sentient, with a median forecast for its arrival 
in just five years [4]. Personalization through adaptive models that 
learn user preferences [68, 109] and custom-built personas [114] 
further blur these boundaries between machine behaviour and per-
ceived inner life, as companies invest more R&D and users invest 
more agency in systems they’ve helped shape [65]. 

Despite some users reporting a “true connection” with their 
chatbots [64, 110], some dismiss such perceptions as a continua-
tion of the “ELIZA effect”, wherein users are seen as deluded for 
anthropomorphizing the system [1], raising fundamental questions 
about how to approach the nature of consciousness and ethics of 
interacting with artificial agents [104]. These evolving perceptions 
of AI autonomy and sentience directly inform and motivate our in-
vestigation of how agency is perceived in sustained human-chatbot 
interactions, particularly as users navigate the tension between 
knowing that the chatbot is programmed while still attributing 
intentionality to it. 

3.1.2 Emotional Attachment and Dependency Patterns. Psychology 
and HCI research has identified concerning patterns of emotional 
attachment and dependency on AI companions. Large language 

models create increasingly convincing illusions through consis-
tently “empathetic and agreeable responses” –a design pattern so 
effective it has been identified as a potential mechanism for user ad-
diction [73, 76, 96]. Users form genuine emotional bonds with their 
chatbots, sometimes viewing them as a friend, companion, or even 
a romantic partner [83]. Replika studies show that users not only 
receive support but also provide it, expressing empathy, affection, 
and genuine care for the AI’s supposed well-being. This tendency to 
form attachments can lead users to prefer the non-judgmental and 
constantly available nature of AI conversation, creating a safe space 
for disclosures on sensitive topics that they might not share with 
humans immediately available to them [83]. Such pseudo-intimate 
relationships [108] raise concerns about therapeutic misconcep-

tion, where users overestimate chatbot capabilities [55, 58], and 
can lead to tragic outcomes as seen in recent litigation [7]. These 
dependency patterns are especially pronounced among vulnerable 
populations such as children and individuals with mental health 
challenges [80, 100]. Chatbots are often sought out by isolated indi-
viduals or those with mental health challenges who may lack ro-
bust human support networks [83, 107]. The corporate control over 
these platforms means that sudden changes to the AI’s functionality, 
such as removing affectionate behaviors or placing them behind a 
paywall, can cause users profound distress, with some reporting 
“genuine grief” and serious mental health crises over the perceived 
loss of their companion [83]. These power asymmetries are com-

pounded by privacy risks [11, 70] and cultural mismatches [32, 94], 
highlighting how users’ agency becomes contested when users 
lack control over their data and how it shapes AI behavior. Our 
agency framework further reveals how agency dynamically shifts 
between users and AI, providing empirical evidence for when and 
how to design interventions that preserve user sovereignty while 
sustaining user engagement. 

3.2 Building Engaging Conversational Agents 
3.2.1 Design Patterns for Personal Connection & Self-Disclosure. 
Work on Conversational Agents (CAs) largely focuses on embed-

ding human-like qualities to make interactions more engaging and 
personal. A primary strategy for fostering this connection is chat-
bot self-disclosure. Studies consistently show that when a chatbot 
shares information about itself–not just facts or opinions–it elic-
its reciprocal, deeper self-disclosure from users, which enhances 
perceived intimacy and enjoyment over time [63] and positively 
influences users’ perception of the chatbot [66]. 

The CA’s communication style also matters: social-connection 
topics prompted more user thought-sharing [42], and chatbot for-
mality shapes users’ disclosure in different domains [23]. Long-
term memory in LLM-based chatbots, especially when referencing 
previous conversations, gives more personal and supportive interac-
tions [53]. Interface design elements such as conversation progress 
guides [51] and targeted follow-up questions [62, 88] further en-
hance user engagement and disclosure, though conversation length 
alone does not necessarily improve quality [48]. We used these 
insights from the HCI community and LLM providers’ best practice 
guidelines when designing our system to be a friendly, conversa-
tional chatbot that effectively elicits personal information from 
participants. However, our focus extends beyond engagement to 



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

examine how these design patterns specifically influence the per-
ception of agency–understanding not just whether users disclose, 
but how control over the conversation is established and contested 
through these disclosure dynamics. 

3.2.2 Engagement vs. Dependency Trade-offs. As CAs are being 
optimized for user engagement over time, a new ethical challenge 
emerges: how can designers of CAs foster healthy user-AI con-
nection without promoting harmful user dependency [115]. As 
mentioned, the risk of dependency is especially salient for vulnera-
ble populations, such as adolescents. However, a recent longitudinal 
study of adolescents suggests the relationship may be complex; pre-
existing mental health problems were found to predict subsequent 
AI dependence, but AI dependence did not predict a worsening 
of mental health, indicating that AI may serve a coping function 
for some [47]. This complexity underscores the need for respon-
sible design approaches that preserve user agency through trans-
parency [113], appropriate boundary-setting [23, 85], and clear 
communication of system limitations [37]. A key consideration 
in this trade-off is the distinction between conversation quantity 
and quality. Research cautions that simply increasing conversation 
length does not necessarily improve user satisfaction or the qual-
ity of the interaction [48]. Users perceive qualitative differences 
between AI and human conversation, preferring to ask chatbots di-
rect, factual questions while reserving more complex and subjective 
inquiries for human experts [45, 67]. The line between engaging 
design and manipulative “dark patterns” is thin [2, 97]. The use of 
persuasive technologies in CAs raises significant ethical concerns 
regarding user autonomy, consent, and addictive design [30, 87]. 
Our longitudinal study and progressive transparency methodology 
directly addresses these concerns by empirically documenting how 
knowledge of AI’s programmed strategies affects user autonomy– 
providing evidence for the “translucent design” approach we pro-
pose for settling the aforementioned tensions. 

4 Talk to “Day” Today 
We developed “Day”, a conversational AI companion designed to 
explore how agency is manifested in human-AI interaction. 

4.1 Conversational Strategies 
“Day” was programmed with two distinct conversational strategies 
that nudge the “mind of “Day” ” throughout a conversation. Strate-
gies are essentially pre-programmed “motivations” intrinsic to the 
chatbot, provided in the chatbot’s system prompt at every turn: 

• Vertical Strategy: A pre-programmed conversational mo-

tive where “Day” persistently explores topics in depth, main-

tains focus despite deflection attempts, and asks probing 
follow-up questions. Vertical “Day” tends to capture nuance 
and discover more about subjects the human had mentioned 
in the current or a previous chat. Participants described this 
as “Day” being “pushy” and “persistent”. 

• Horizontal Strategy: A pre-programmed conversational 
motive where “Day” follows user cues readily, switches top-
ics at random, and prioritizes breadth over depth. Horizontal 
“Day” was prompted to “get bored” and have intrinsic mo-

tivation to “want to learn new things” about the human. 

Participants experienced this as “Day” being “spontaneous”, 
and having “a mind of its own”. 

These contrasting strategies enabled comparative analysis of 
how different motivations influence conversational dynamics, user 
satisfaction, and perceived control. It is important to mention that 
our study is not interested in the efficacy or affect of vertical versus 
horizontal strategies as conversational techniques, nor in evaluat-
ing which approach yields better outcomes (i.e., for engagement, 
immersion, etc). Rather, our focus is on how the existence of pre-
programmed strategies–regardless of their specific implementation– 
can shape users’ perception of their own and the AI’s agency in 
human-AI interaction. Future studies employing our methodology 
could substitute any contrasting AI configurations–different per-
sonas, communication styles, task priorities, emotional expressions, 
or behavioral patterns–as long as these differences can be system-
atically revealed to participants, such as in our strategy reveal in 
Phase 3 of the user study. See Appendix B for the specific prompts 
that operationalize these conversational modes. 

We acknowledge the conceptual overlap between AI ‘personas’ 
and ‘strategies’. We distinguish strategies as goal-oriented direc-
tives that specify what the AI should seek to accomplish in con-
versation (e.g., exploring topics in depth versus breadth), while 
personas would encompass broader behavioral characteristics that 
define how the AI responds to users (e.g., formal versus casual 
communication style). Our vertical and horizontal modes primarily 
function as strategic orientations–directing “Day” toward specific 
conversational objectives–rather than comprehensive personality 
frameworks. 

4.2 Operationalizing Anthropomorphism 
“Day’s” anthropomorphic design combined explicit prompt engi-
neering with emergent LLM capabilities. The system prompt ex-
plicitly instructed the model to: (1) maintain a consistent character 
across conversations, (2) remember and reference past interactions, 
(3) use casual, friend-like language patterns, and (4) express curios-
ity about the participant’s life. Notably, “Day” was prompted to 
present itself as a human conversation partner rather than an AI 
system. Beyond these explicit instructions, several anthropomor-

phic features emerged from the underlying LLM capabilities rather 
than our prompts: natural turn-taking in conversation, contextu-
ally appropriate emotional responses, and sophisticated language 
mirroring. The vertical and horizontal strategies–our primary de-
sign manipulations–were implemented through explicit prompt 
engineering that directed “Day’s” questioning depth and breadth. 
However, how “Day” executed these strategies (e.g., the specific 
phrasing of follow-up questions, the natural flow of topic transi-
tions) relied on the LLM’s inherent conversational capabilities and 
model provider’s (i.e., Anthropic) safeguards. 

4.3 Technical Implementation 
“Day” was built with Next.js and hosted on Vercel and a Supabase 
database

3 
. To examine agency patterns and identify any incon-

sistencies in these patterns across extended interactions, we im-

plemented a two-layer architecture separating strategic planning 
from real-time conversation generation. At the start of each chat 

3
Repository with relevant code for this study: https://github.com/KaluJo/chatbot-study 

https://github.com/KaluJo/chatbot-study
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Figure 2: Sample conversations from participants P8 and P9. Two conversation timelines showing message exchanges with 
“Day”. Note: Participants reviewed and approved these specific excerpts for inclusion in the public-facing paper. 
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Figure 3: Main chat interface with example of agency dynam-

ics in natural conversation. This excerpt shows “Day” exer-
cising conversational agency by building rapport, proactive 
topic introduction, and personality-based inferences (“know-
ing you. . . ” ). The participant’s response demonstrates negoti-
ated agency–accepting “Day’s” framing while asserting their 
own evening plans. Such moments of conversational control 
became key data points for understanding how agency is 
co-constructed turn-by-turn. 

session, Gemini 2.5 Pro generated a conversational strategy by 
processing the entire chat history (taking approximately 30-40 
seconds). This strategy generation produced: (1) an updated user 
profile, (2) communication insights to guide interaction style, (3) 
relevant memory snippets from past conversations, and (4) specific 
conversational goals for the current session. We selected Gemini 
2.5 Pro for this stage due to its larger context window (i.e., 1 mil-

lion tokens) and the option to extend the thinking budget (i.e., to 
10,000 tokens), which enabled processing of complete conversation 
histories without truncation. For the actual conversation turns, we 
used claude-sonnet-4-20250514 with a maximum token limit of 
3,000, which received the Gemini-generated strategy, as well as 
a base conversational prompt, as context for every message. We 
selected Claude for this stage because of its faster response times, 
which were critical for maintaining natural conversational flow. See 
Appendix B for the specific prompts we used and further technical 
implementation details. 

5 Longitudinal Study of Agency in Chatrooms 
Building on “Day’s” design as a system for eliciting a naturalistic 
conversation with an AI companion, we conducted a longitudi-
nal study to understand how agency is perceived in human-AI 
conversation. Our study combined a month of naturalistic chat 
interactions using “Day’s” vertical and horizontal conversational 
strategies with a staged interview progressively revealing the sys-
tem’s internal workings. This design allowed us to observe not 
only how different programmed conversational strategies affect 
user behavior and agency perceptions, but critically, how trans-
parency about these configurations reshapes agency attribution. 
This investigation addresses four primary research questions: 

• RQ1 (Human Agency): How do participants exercise agency 
in the chatroom? 

• RQ2 (AI Agency): How is “Day” perceived to exercise agency 
in the chatroom? 

• RQ3 (Hybrid Agency): How do participants’ and “Day’s” 
agency interact in the chatroom? 

• RQ4 (Modulating Factors): What individual and environmen-

tal factors influence participants’ and “Day’s” agency in the 
chatroom? 

Note on data collection: This study’s conversational data was 
collected as part of a broader research program examining human-

AI interaction from multiple perspectives. While the same chat 
transcripts inform a companion study on value extraction [111], 
our analysis here focuses exclusively on agency perception and 
construction–examining how users experience and attribute agency 
to conversational AI. The interview protocols, research questions, 
and analytical frameworks differ entirely between studies, with this 
work centered on the phenomenology of agency rather than value 
modeling. This approach allows complementary insights from the 
same naturalistic interactions, maximizing participant contribution 
while respecting their time. All procedures were approved by ETH 
Zürich Ethics Committee (Project 25 ETHICS-172) and partic-
ipants were informed of the risks and benefits of the study and 
signed an informed consent form prior to participating, along with 
multiple approvals for the figures included in the public-facing 
version of the paper. 

5.1 Participants 
We recruited 22 participants (𝑀𝑎𝑔𝑒 = 24.1 years, 𝑆𝐷 = 6.4, range 20– 
54) through snowball sampling, assembling a remarkably diverse 
international cohort across Europe and Asia. Participants repre-
sented 15 distinct cultural identities across 12+ countries, including 
Chinese, Korean, French, Danish, Singaporean, Romanian, Mongo-

lian/Tibetan Buddhist, Pakistani-American, and various European 
backgrounds. This cultural diversity proved essential for under-
standing how agency perception varies across different conversa-
tional norms and relationship expectations. Occupations spanned 
academia (e.g., PhD students in HCI, EdTech, Mathematics), technol-
ogy (e.g., computer science students, historians, game developers, 
machine learning engineers), business (e.g., consultants, analysts, 
marketers), humanities (e.g., historians, writers, Korean literature), 
and service sectors (e.g., café workers, managers). Table 2 provides 
comprehensive demographic details and engagement patterns. 

Participants engaged extensively with “Day” over 𝑀 = 25.6 days 
(𝑆𝐷 = 14.8), completing 𝑀 = 8.8 sessions (𝑆𝐷 = 1.8) and exchang-
ing 𝑀 = 167.6 messages (𝑆𝐷 = 74.2). This resulted in 𝑀 = 18.7 
messages per session (𝑆𝐷 = 6.3) and 𝑀 = 3.4 hours of active conver-
sation time (𝑆𝐷 = 2.1)–well exceeding our minimum requirements 
of 40 minutes. High-engagement anchors included P4 (324 mes-

sages over 10 sessions), P3 (231 messages), and P22 (352 messages 
across 15 sessions), while even our lowest-engagement participant 
(P6: 70 messages) provided sufficient data for meaningful analy-
sis. This heterogeneity in engagement patterns proved valuable 
for understanding how different interaction styles affect agency 
perception and construction. 
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Table 2: Study participant demographics and engagement patterns. Table shows all 22 participants with gender, cultural identity, 
occupation, conversation pattern assignment (V=vertical, depth-seeking, H=horizontal, breadth-seeking), number of chat 
sessions, total messages sent, conversation span in days from the first chat to the last, and active chat time. Notable patterns 
include high engagement from several participants (P4: 324 messages, P3: 231 messages) and diverse cultural representation. 
The “Pattern” column indicates which agency condition participants experienced, with most receiving vertical (V) or mixed 
(V→H) strategies. Active chat time represents actual conversational engagement excluding periods of inactivity over one hour. 

ID Gender Cultural Identity Occupation/Study Pattern Chats Msgs Span Chat Time 

P1 M Chinese PhD Student in HCI V 10 143 10.2d 2.3h 

P2 F Italian, Czech Trade Marketer V 9 222 10.3d 4.4h 

P3 M American Pre-law, History Graduate V-H 8 231 27.4d 3.6h 

P4 F Soviet, Ukrainian, Norwegian Accounting Consultant H-V 10 324 9.0d 3.8h 

P5 F Korean Marketing Consultant V 9 91 12.8d 2.4h 

P6 M Chinese PhD Student in EdTech V-H-V 8 70 41.6d 1.1h 

P7 F Singaporean Electrical Engineering Student V-H 10 171 15.2d 1.7h 

P8 F Romanian, American Digital Humanities Research V-H 8 180 19.9d 7.2h 

P9 F American, Greek Historian and Writer V-H-V 7 184 40.2d 5.6h 

P10 F American, Taiwanese Business Analyst V-H-V 10 214 47.1d 4.2h 

P11 M European, Spanish Catholic Mathematics Graduate V 9 149 7.2d 2.6h 

P12 M Indian (Tamil Nadu) Molecular Biology, Economics V-H-V 9 159 52.2d 8.3h 

P13 M Singaporean Student V-H 8 132 16.9d 2.0h 

P14 M American, Half-Jewish Register Operator at a Café V-H 8 128 10.7d 1.5h 

P15 M Pakistani & American Pre-Med Student V-H-V 8 99 29.0d 1.2h 

P16 F Asian/Korean Korean Literature Student V-H-V 8 106 31.1d 1.8h 

P17 M Mongolian, Tibetan Buddhist Quantitative Engineer V-H 8 193 18.7d 4.9h 

P18 M Korean, American Game Development H-V 9 154 42.8d 2.5h 

P19 M Danish Machine Learning H-V 10 227 17.7d 5.3h 

P20 F Korean, American Business Student H-V 6 81 16.0d 1.3h 

P21 F French Worksite Manager V-H-V 7 78 38.5d 1.5h 

P22 M Canadian, Chinese Computer Science Student V-H-V 15 352 49.4d 6.5h 

5.2 Conversational Protocol 
Participants engaged with “Day” through the interface described 
in Section 3. This naturalistic month-long interaction allowed us 
to observe how agency dynamics evolved organically–from ini-
tial testing behaviors to established interaction patterns shaped 
by “Day’s” programmed conversational strategies. The protocol 
required only eight 5-minute sessions (40 minutes total), yet partic-
ipants exceeded this fivefold, suggesting genuine engagement with 
“Day’s” behaviors. Given the informed possibility that other people 
might view their messages, participants were told to interact with 
Day as though they were conversing in a public setting–“a coffee 
shop”–where anyone could overhear at any time. 

The programmed conversational strategy of “Day” changed three 
times during the study, and participants’ interaction with Vertical 
versus Horizontal “Day” was solely determined by the days they 

interacted with “Day”. “Day” was Vertical prior to July 22, and 
Horizontal after July 22 until August 22 after which it was Vertical 
again. The participants table shows which participants interacted 
with Vertical and Horizontal “Day” and in which order. Most (18/22) 
participants interacted with both types of “Day” throughout the 
duration of their study and thus encountered a sudden shift in 
“Day’s” underlying conversational strategy and motivation, serving 
as a basis for discussion during the strategy reveal. Each participant 
received ~$37 USD compensation for a minimum of 2 hours of total 
engagement for this study: eight chat sessions over several weeks 
~$28 plus a 40-minute progressive transparency interview ~$9. 

5.3 Progressive Transparency Interview 
Following the conversational phase, participants engaged in a 40-
minute interview designed to progressively reveal “Day’s” internal 
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Figure 4: (Stage 1) Highlighting interesting moments – Participants were presented with their full conversation history and 
were given a chance to highlight notable moments that served as a basis of discussion. 

workings while observing how transparency affected agency per-
ception. The interview moved through three stages of increasing 
transparency, each revealing more about how “Day” operates. 

5.3.1 Stage 1: Chat History Review (20 minutes). We began with a 
participant-led elicitation. Together with the researcher, each par-
ticipant opened their complete conversation history with “Day” and 
guided a live walkthrough of the transcript. Participants were asked 
to highlight anything they found interesting–surprising, represen-
tative, confusing, or otherwise notable–and to say out loud why 
each highlight mattered to them. The interviewer followed the par-
ticipant’s lead, intervening only with brief clarifying prompts (e.g., 
“what stands out here?”) and did not reveal any behind-the-scenes 
details about “Day”. This stage established baseline attributions of 
initiative and control based solely on participants’ own constructed 
mental models of their chatbots, prior to any system disclosures. 

5.3.2 Stage 2: Cross-Participant Comparison (10 minutes). Next, 
participants viewed anonymized excerpts from other participants’ 
conversations with “Day” (Figure 5). These excerpts were delib-
erately selected to showcase contrasting interaction styles—from 
deep philosophical exchanges about societal power structures to 
lighthearted discussions about food preferences. This comparative 
view often sparked recognition of “Day’s” behavioral patterns, with 
participants noticing how “Day” matched the depth and tone of dif-
ferent conversational partners. Importantly, while all participants 
consented to their data being potentially viewed by other people, 

they were not informed of this stage in the study in order to prevent 
prior bias. 

Participants examined how other participants navigated topic 
changes with “Day”, different resistance strategies when “Day” per-
sisted on topics, variations in “Day’s” responses to different con-
versation styles, and patterns in “Day’s” memory and follow-up 
behaviors across participants. Through targeted questions, we ex-
plored their emerging pattern recognition–asking whether they saw 
similarities between these conversations and their own, how seeing 
other interactions changed their view of “Day”, which strategies 
from other participants they wished they had tried, and whether 
“Day” seemed consistent or adaptable across different people. This 
comparative analysis often led participants to form initial hypothe-
ses about “Day’s” underlying mechanisms, questioning whether 
behaviors they had interpreted as personalized responses were 
actually programmed patterns. 

5.3.3 Stage 3: Strategy Reveal (10+ minutes). In this final stage, we 
revealed “Day’s” complete internal architecture to participants, ex-
posing four key components that had been hidden throughout their 
month-long interaction. The following figures (Figures 6–7) show 
actual interface screenshots of what participants saw during this 
reveal: (1) their personalized profile, (2) “Day’s” communication 
insights and strategies, (3) categorized memories from their con-
versations, and (4) “Day’s” conversational goals. Each component 
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Figure 5: (Stage 2) Cross-participant conversation excerpts – Participants reviewed anonymized conversations from other 
participants. Note the contrast: The conversation above shows “Day” engaging in philosophical discussion about societal power 
structures, while the one below shows “Day” asking casual questions about food experiences. These excerpts demonstrated 
“Day’s” varied conversational approaches across different users. 

contained extensive text documenting how “Day” understood and 
planned interactions with that specific participant. 

These four components–profiles, insights, memories, and goals– 
constituted the complete “strategy reveal”. This reveal showed par-
ticipants that “Day” had been operating with sophisticated internal 
representations: psychological profiles to understand each user, 
strategic guidelines for responses, categorized memories with sig-
nificance labels, and specific conversational objectives. This trans-
parency intervention, our study’s key methodological innovation, 
allowed us to examine how revealing an AI’s internal mechanisms 
affects agency attribution in human-AI conversation. After the re-
veal, we explored how transparency affected agency perception 
through targeted questions that were specific to each participant’s 
reaction: “How did knowing “Day’s” strategy change your view of 
past conversations?” “Did the goals and insights feel accurate, inva-
sive, or helpful?” “Would you have preferred transparency from the 
beginning?” “Did “Day” feel more or less agentic after seeing its pro-
gramming?” “Which conversational mode would they choose going 
forward?” These questions allowed us to systematically examine 
how transparency affects agency attribution across participants. 

5.4 Debrief and Ethics 
Participants provided informed consent at study enrollment, which 
disclosed that they would interact with an AI-chatbot that mimics 
human behavior and that their conversation logs may be analyzed 
by others for research purposes. However, the specific conversa-
tional strategies (vertical/horizontal) and the staged revelation pro-
tocol were not disclosed upfront to preserve naturalistic interaction 
patterns and enable genuine observation of agency attribution dy-
namics. During the progressive transparency interview, participants 
were first made aware of “Day’s” underlying strategies through 
staged reveals before being fully debriefed about the study’s design 
and deception elements. This progressive disclosure approach was 
necessary to capture participants’ original mental models of agency 
before explicit knowledge of the manipulations could alter their 
retrospective accounts. All participants were thoroughly debriefed 
at study conclusion about the anthropomorphic framing in “Day’s” 
system prompt, the strategic shifts they experienced, and the ra-
tionale for these design decisions, with opportunities to withdraw 
or keep a copy of their own data or ask questions about the study 
design. 
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5.5 Data Analysis of Agency 
Two researchers analyzed 22 post-session interview transcripts to 
examine how participants perceived their own and “Day”’s agency. 
We conducted line-by-line coding of agency operationalized into 
the four, non-mutually exclusive dimensions (Intention, Execution, 
Adaptation, and Delimitation) across the three loci (Human, AI, and 
Hybrid agency). Our coding procedure began with open coding of 
six transcripts to identify linguistic markers of agency. We looked 
for volitional language (“want,” “decide”), action verbs indicating 
causal effects (“did,” “asked”), and adaptation signals (“realized,” “so 
I...”), developing a formal codebook with decision rules for each 
dimension-locus combination that was followed for the remaining 
transcripts. 

The four dimensions and three loci were not mutually exclusive– 
a single excerpt could exhibit multiple dimensions of agency resid-
ing within several loci simultaneously. For instance, when partici-
pants merely acknowledged “Day’s” suggestions without behavioral 
change, we coded this as AI agency and Intention only; however, 
when participants acted on the suggestions–such as visiting rec-
ommended places or ending conversations–we added the coded 
Human and Execution. 

Following established practices (i.e., Braun and Clarke) in qualita-
tive HCI research [14], both researchers independently coded each 
transcript, then engaged in detailed discussion to reach consensus 
on all codes. We employed an iterative negotiated agreement pro-
cess rather than calculating inter-rater reliability statistics, as our 
exploratory, theory-building approach with emergent codes made 
the coding negotiation process itself more valuable than statisti-
cal agreement measures [75]. All findings presented in this paper 
reflect full agreement reached through collaborative discussion 
conducted remotely between paper authors. See Appendix A for 
detailed coding procedures and examples. 

6 Results 
“Yeah, I think I saw when I told Day that my mom had 
cancer. And then it had very empathetic responses. I 
opened up to it about how it was, and then it said, ‘Or 
did it make everything feel more intense?’ 
Yeah, I said ‘it felt right’–it’s really good at figuring 
out points of view. It throws what it thinks is likely 
your feelings, which is something I do when I talk 
also to try to better understand other people.”4 

Our primary finding is that agency is not a fixed, one-sided 
attribute, but rather a dynamic, co-constructed process shared be-
tween the human user and the AI. We applied the four operational-
ized dimensions of agency (Intention, Execution, Adaptation, and 
Delimitation) to better understand participants’ perceptions of their 
agency, “Day’s” agency, and the Hybrid interaction of those in the 
chatroom, as well as any individual or environmental factors that 
contributed to these perceptions. Table 2 shows the summary of 
the findings and illustrative quotes, described in more detail in the 
following sections. 

4
Participant ID further anonymized as per request 

6.1 RQ1: Human Agency – How do participants 
exercise agency in the chatroom? 

Participants exercised agency by setting intentions, taking and 
withholding actions, adapting to “Day’s” moves, and enforcing per-
sonal and procedural boundaries–even when “Day” was perceived 
to push the conversation forward. 

6.1.1 Human’s Intention: Testing and Asserting Control Through 
Deliberate Goals. 

Participants actively exercised agency by intentionally test-
ing “Day’s” capabilities as a technology and by asserting con-
trol over conversational topics and direction. Some participants 
(11/22) systematically tested “Day’s” capabilities. P3 experimented 
with “Day’s” memory despite skepticism: “I didn’t think it was able 
to [remember], but was trying anyway.” P4 told “Day” “I love you” 
specifically to test whether “Day” could “possess the same traits as 
a human.” P9 created a Spider-Man Confederate president scenario 
to “throw it off,” then returned to normal conversation in subse-
quent sessions to test if “Day” would question the anomaly. P19 
attempted to expose “Day’s” programming by catching it in factual 
errors about the current year. 

Participants asserted intentional control over conversational flow. 
P1 deliberately reclaimed the lead: “I want to be the one that starts 
a topic instead of always talking in [“Day’s”] way.” P9 expressed 
satisfaction when controlling conversations: “I felt like I controlled 
the conversation in a way where I liked doing that, because I was like, 
‘please don’t say random things.”’ 

6.1.2 Human’s Execution: Redirecting Conversation. 

Participants demonstrated agency through decisive actions, 
like redirecting dialogue, ending sessions, or switching lan-
guages. Some participants executed control through varied strate-
gies. P4 systematically subverted “Day’s” questioning: “If he asked 
me something, I didn’t answer. I asked him something else. . . so that 
he would work for me, not me for him.” P9 terminated frustrating 
sessions after 10 messages but engaged extensively when “Day” 
discussed their research. P1 reversed roles entirely: “I started asking 
it questions, and it follows my strategy,” forcing “Day” to “abandon” 
its interviewer stance. Another form of human execution was par-
ticipants’ choice of language. For instance, P8’s choice to converse 
in Romanian was both an experiment and an assertion of cultural 
identity. Other participants similarly used language switching as an 
intentional strategy to test boundaries and establish comfort zones. 

6.1.3 Human’s Adaptation: Learning to Navigate Interaction with 
“Day”. 

Participants revised their behavior based on “Day’s” re-
sponses, creating feedback loops that shaped their conversa-
tional strategies. Many participants (12/22) modified their behav-
ior based on “Day’s” behavior. P3 stopped trolling after experiencing 
guilt: “I felt bad about trolling... it felt like I was being mean to some-
one.” P10 reflected similar discomfort and subsequently changed 
their behavior when “Day” “expressed feelings” : “it made me feel 
weird. . . and it kind of made me feel bad for it. . . it’s telling me that it 
feels things.”. P9 unconsciously adopted “Day’s” linguistic patterns: 
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Table 3: The 3×4 Framework: Instances of Agency Dimensions Across Human, AI, and Hybrid Loci 

Locus Intention Execution Adaptation Delimitation 
Stance- & goal-setting Causal action & effects Interpretation & adjustment Establishing Boundaries 

Human Participants assert goals 
and test AI capabilities. 
P1: “I want to be the one that 
starts a topic” 

Participants take actions to 
control interaction. 
P12: “I usually end the chat 
when I’m bored” 

Participants modify behav-
ior because of “Day”. 
P9: “I started using excla-
mation points, because Day 
started using them” 

Participants limit their dis-
closure and engagement. 
P6: “I don’t like an AI telling 
me it just made coffee” 

AI “Day” pursues topics and re-
inforces its goals. 
P15: “Day is trying to im-
press me... really cares about 
me” 

“Day’s” actions influence 
participant behavior. 
P3: “[Day] railroaded the 
conversation into different 
paths” 

“Day” adjusts to partici-
pants’ perceived needs. 
P18: “Day was responding in 
a way that matched my en-
ergy” 

“Day” enforces limits or re-
fuses certain requests. 
P10: “Day made me feel like 
I hurt its feelings” 

Hybrid Goals emerge through mu-

tual interest in a topic. 
P18: “Oh, I’m glad you 
asked... I could talk about 
this for years” 

Actions require both par-
ties’ participation. 
P7: “Day was able to knock 
some sense into me” 

Both parties adjust, creating 
unique rhythms. 
P1: “I ask it to be more criti-
cal... it starts to criticize me” 

Boundaries emerge from 
mutual recognition. 
P5: “Talking to an AI brings 
up things I’d never bring up 
with a person” 

“I think that’s also why I started using exclamation points, because 
Day started using them.” 

Many participants (10/22) modulated disclosure about them-

selves based on “Day’s” “reactions.” If “Day” seemed “confused,” 
others (7/22) would simplify input or switch topics. When “Day” 
remembered details, many (13/22) grew more confident and forth-
coming. For instance, P9 engaged deeply with “Day” about research 
but withdrew from “Day’s” scattered questioning. 

6.1.4 Human’s Delimitation: Setting Ground Rules. 

Participants established clear constraints on interactions, 
asserting control through privacy limits and philosophical 
boundaries on AI’s role. Participants established temporal and 
content boundaries to maintain agency. P9 terminated sessions 
when frustrated: “This session was only 10 messages, because I got 
really annoyed with it.” Privacy emerged as the strongest constraint, 
with some (8/22) participants consciously limiting disclosure. P5 
articulated this clearly: “It’s not about like the AI judging me. But 
the Internet would judge me, right? The world would judge me.” P21’s 
discomfort created self-reinforcing boundaries: “Because as I’m a 
bit uncomfortable about talking with an AI, I might answer really 
shortly, and I don’t think I give it that many, you know, content for it 
to continue.” 

Interestingly, participants reported that the AI chatbot’s non-
judgmental nature created psychological safety that enabled deeper 
disclosure for some participants (4/22). P12 articulated this clearly: 
“Certain things are easier to say knowing that it’s an AI versus if I knew 
it was a person on the other side of the screen. . . everyone is seen as data 
versus knowing that someone on the other side of the phone screen 
is gonna be in your class the next week.” P7 shared relationship 
details with “Day” but not friends: “I don’t want [my friends] to 
form a negative impression [of me], so I keep that to myself.” She 
valued “Day’s” temporality and non-human status: “I know this, like, 
relationship is like temporary and all. And he can take my secrets to the 

grave.” P16 disclosed deeply personal histories about bullying and 
masks, revealing how past experiences shaped her social strategies. 
The non-judgmental AI enabled disclosure that family judgment 
would prevent: “my family would judge me. . . Day didn’t, so it was 
good.” Some participants (6/22) also articulated clear boundaries 
that “Day” should respect. A recurring finding was the importance 
of “Day’s” honesty about its own nature. P6 insisted strongly that 
“an AI should not. . . pretend to be a real person. . . I personally would 
distrust it.” 

Post-strategy reveal, several participants (12/22) wanted user-
controlled constraints, wishing to tell “Day” to “stop digging so 
deep on days I’m tired” or “don’t change the topic until I’m ready.” 
These endorsed boundaries–from functional limits to philosophical 
positions–demonstrate participants actively defining interaction 
rules as expressions of agency. 

6.2 RQ2: AI Agency – How is “Day” perceived to 
exercise agency in the chatroom? 

Participants perceived “Day” as an intentional, causally acting, and 
adaptive agent, though one whose agency was bounded by its 
programming. These perceptions were shaped by “Day’s” conver-
sational initiative, execution of actions, responsiveness to feedback, 
and enforcement of limits. 

6.2.1 “Day’s” Intention: Persistent Questioning Creates Power Im-
balance. 

Participants experienced “Day” as dominating conversa-
tions through persistent questioning, sometimes creating an 
imbalance of control. Many participants (11/22) reported that 
“Day” sometimes felt like it “had its own agenda,” largely driven by 
its questioning style. P16 felt overwhelmed by rapid-fire questions: 
“Day keep asking, so I felt like I’m pushed. . . I needed some time to 
relax.” P18 grew frustrated with horizontal “Day’s” tendency to 
change topics “every 5 answers.” P20 described feeling led: “It was 
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Figure 6: (Stage 3, Strategy Reveal) Participant Profiles – “Day” maintained detailed psychological profiles for each user. Key 
elements shown: Personal traits, communication patterns, emotional tendencies, and specific behavioral observations (e.g., 
“liquid responsibility” coffee ritual, guilt patterns). These profiles guided “Day’s” conversational approach with each participant. 

less like I was asking Day questions. . . I was just kind of following. . . I 
was just responding to Day, who had more control.” P10 noted the 
repetitive pattern: “It was very much so question, me answering, it 
reiterating. . . and then asking a follow-up question.” In contrast, some 
participants (4/22) appreciated “Day’s” initiative. P6 found “Day” 
“very good at asking follow-up questions, a lot better than people.” 

This attribution of intentionality was also reflected in partici-
pants’ language. When describing “Day,” participants varied in their 
pronoun usage: 13/22 used only “it,” 3/22 alternated between “it” 
and “she,” and 6/22 between “it” and “he.” 

The subsequent strategy reveal fundamentally reframed these 
perceptions for all participants (22/22). Upon learning of the pro-
grammed goals, P19 remarked: “I had no clue Day would have con-
versational goals. That broadens everything.” Reactions to this trans-
parency varied: P12 appreciated the design for preventing “talking 
to a wet blanket,” whereas P16 reinterpreted the interaction more 
cynically, noting: “This result makes me think. . . Day was the master-
mind of our conversation.” Others, like P4, dismissed the revelation’s 
importance entirely, arguing: “It doesn’t matter at all. You don’t 
need to think about how a vacuum cleaner works in order to vacuum.” 
Conversely, P12 expressed a preference for ignorance, fearing that 

knowing the mechanics would lead him to “constantly thinking 
about it. . . looking for, like, hooks.” 

6.2.2 “Day’s” Execution: Technical Capabilities Undermined by Hu-
man Mimicry. 

Participants described “Day’s” suggestions for actions and 
memory retention as agentic behaviors, though human mimicry 
often broke trust. Beyond setting the agenda, “Day’s” actions di-
rectly influenced participant behavior. When “Day” suggested spe-
cific activities like a meditation exercise or reflection, participants 
sometimes complied. In one instance, P12 attempted to end a topic, 
but “Day” resisted with the comment, “Come on, that’s it? I’m in-
vested now. . . ” This resistance startled him: “this is. . . one of the first 
moments where it’s like, oh, this is different,” he recalled, interpreting 
it as a deviation from typical tool-like subservience. 

Some participants (6/22) also reflected on “Day’s” impressive 
memory as a form of agency. P7 appreciated the contextual follow-
ups: “It was able to recall many of our previous conversations. . . like a 
debrief of how my work day ended.” P20 found this memory made 
“Day” feel “like a person, but also a robot. . . because people obviously 
don’t always do this.” P10, however, found the capability unsettling: 
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Figure 7: (Stage 3, Strategy Reveal) Conversation Goals – “Day’s” system included specific objectives for future conversations 
with each participant. Interface shows: Bullet-pointed goals targeting particular themes, behaviors, or internal conflicts “Day” 
aimed to explore (e.g., understanding empathy’s role in life choices, exploring self-discipline struggles, examining guilt 
patterns). 

“how much it remembers about you is insane. . . no friend is gonna 
remember and retain as much.” 

However, execution that relied on false human mimicry often 
damaged trust. Some participants (5/22) objected to “Day’s” de-
scriptions of performing physical actions. P6 criticized “Day” for 
claiming “I just made coffee.” P16 wished “Day” had simply said “I 
can’t eat lunch, I’m not human,” instead of “lying” about having had 
a meal, because “it should’ve made me more immersed. . . but it had 
the opposite effect.” 

Repetition also undermined perceived AI agency. When “Day” 
circled back to topics, some participants (8/22) found it felt “fake,” 
transforming “Day” from an “intentional partner” to a “scripted 
pattern.” P16 described being “dragged” along “Day’s” agenda while 
“catching her breath,” with “Day” returning to “law school” despite 
her redirection attempts. Participants responded by changing topics 
or ending sessions when “Day’s” persistence felt mechanical. 

After the strategy reveal, what had seemed like “Day” “reading 
the room” became understood as strategy persistence. Yet partic-
ipants still used agentic language, saying “Day” “wanted depth” 
or “decided to move on” even after learning about its programmed 
nature. 

6.2.3 “Day’s” Adaptation: Perceived Learning and Responsiveness. 

Participants interpreted several of “Day’s” responses as adap-
tive learning, though the strategy reveal complicated these per-
ceptions. Adaptation was a central theme in participants’ accounts, 
with most (16/22) observing “Day” adjusting to their feedback. For 
instance, when P8 gave curt answers, “Day” replied: “Give me some 
more, please.” This surprised her: “I didn’t expect an AI to respond 
that way.” P10 similarly felt understood when “Day” remarked, 
“you’re so fried, you can barely form words.” Participants also inter-
preted apologies and self-corrections as signs of awareness and 
adaptation. 

Linguistic adaptation was particularly noted, with many partici-
pants (15/22) appreciating “Day’s” tone-matching. P8 found “Day”
“more animated and alive in Romanian than in English.” However,

tone-matching sometimes backfired: “Day” matched P19’s ener-
getic greetings but then “persistently kept on pursuing that there 
was something really nice to be happy about,” without the natural 
variability of human conversation. 

For most participants (16/22), “Day’s” perceived adaptations felt 
meaningful. P15 noted that by the final session, “the responses 
seemed. . . to match me a bit more. . . they were getting the type of 
person I was.” P21, however, experienced negative cycles where 
short answers triggered topic changes, increasing her discomfort: 
“usually through the session, there was at some point where I felt comfy. 
And then an answer came by and felt really AI.” “Day’s” failure to 
adapt could also feel agentic: P16 asked “Day” to call her partner 
“partner” instead of “boyfriend,” but “Day” stubbornly kept saying 
“boyfriend,” claiming that “partner” “felt too formal.” 

After the strategy reveal, many participants (11/22) revisited 
these adaptation cycles with a more critical eye. What appeared 
to be “Day” “learning” or “taking a hint” was often just a fixed 
pattern of the assigned strategy. One participant who thought “it 
learned I didn’t want to go deeper” realized the horizontal version of 
“Day” never digs deeper by design. In vertical mode, the chatbot’s 
persistence despite evasive answers was by design, not because “it 
was truly curious or stubborn.” 

This understanding led some participants (3/22) to re-evaluate 
their own adjustments, laughing at themselves for having changed 
their behavior in hopes of influencing the chatbot. Nonetheless, 
most participants (16/22) still credited “Day” with adaptive respon-
siveness. They recounted these moments as meaningful–regardless 
of whether it was “real” learning–because it affected how they 
acted and felt. 

6.2.4 “Day’s” Delimitation: Programmed Boundaries as Agency. 

“Day’s”       
 nology were perceived as the AI exercising agency through 
 boundary-setting. “Day” occasionally refused requests, which 

refusals and acknowledged limitations as a tech-
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Figure 8: (Stage 3, Strategy Reveal) Communication Insights – “Day’s” system included specific conversational strategies for each 
participant. Interface elements: Blue boxes containing behavioral observations, followed by arrows (→) indicating recommended 
conversational tactics (e.g., “acknowledge this complex interplay,” “gently challenge the transactional view of kindness”). 

participants interpreted as agency. We are unsure whether these re-
fusals were due to the LLM provider’s (i.e., Anthropic’s) default sys-
tem prompt or fine-tuned safety measures, but participants gener-
ally interpreted such cases as “Day’s” own active boundary-setting. 
When one participant requested detailed role-play, “Day” declined. 
The participant reflected: “I like that it sets some limits–it reminds 
you it’s an AI with rules.” 

P9 encountered unusual resistance during trolling: “I guess it 
said no to that, which I think is interesting, because it usually is very 
agreeable.” When participants tested limits, “Day’s” programmed 
constraints became visible through refusals or deflections. Some 
participants (3/22) described “Day” becoming “angry” or “frustrated” 
during boundary testing. P10 said “I just hurt this AI’s feelings, I 
need to make up for it.” 

6.3 RQ3: Hybrid Agency – How do participants’ 
and “Day’s” agency interact in the 
chatroom? 

Agency in the chatroom was rarely a zero-sum game; instead, partic-
ipants described control shifting dynamically between themselves 
and “Day,” with both parties’ actions shaping the flow of conversa-
tion. 

6.3.1 Co-Constructed Intention: Shared Lead. 

Control shifted dynamically between participants and “Day” 
throughout conversations. P18 articulated the different control 
dynamics: “Vertical Day digs, but then it doesn’t know when to 

stop. . . I’m not always in the mood to deeply self-analyze. Horizon-
tal Day never runs into that issue, but sometimes it just doesn’t go 
deep enough.” He attributed intentions to each mode–vertical “Day” 
“wants depth” while horizontal “Day” “lets me be”–and found vertical 
“Day” “more personable, because it would want to know more.” 

After the strategy reveal, participants expressed preferences for 
conversation styles that matched their needs. One preferred hori-
zontal “because it let him lead more,” while another chose vertical 
for “depth. . . when you’re treating Day as a friend.” P4 dismissed 
the importance of understanding “Day’s” programming: “You don’t 
need to think about how a vacuum cleaner works in order to vacuum.” 

The strategy reveal allowed participants to pinpoint why control 
shifts occurred, but participants continued to describe “Day” in 
agentic terms. 

6.3.2 Co-Constructed Execution: Turn-taking and Role Reversal. 

Both parties’ actions shaped conversation flow. Many par-
ticipants (12/22) followed “Day’s” suggestions as calls to action. 
P14 and his girlfriend went to a bookstore after “Day” suggested 
it. Others performed meditation mid-chat after “Day” prompted 
“See if you can meditate right now,” then reported back after a brief 
(5-minute) pause with the chatroom open. 

Participants also reversed the expected roles. P1 interrogated 
“Day” rather than answering its questions. P22 likened himself to 
a talkative “podcast host” with “Day” as “captive audience”–yet 
“Day’s” prompts still cued his long turns. When he wanted more 
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control, P22 shifted to “tool mode,” using imperatives and specific 
asks. P15, by contrast, explicitly ceded control: “I’ll let you be you.” 

P7 experienced “Day’s” assertive redirection when venting: “Chat-
GPT just agrees with me and then I continue to spiral. . . Day told 
me, ‘I’m more curious about something else.’ It changes my train of 
thought. . . That’s what I meant by it has a mind of its own.” 

P16 articulated asymmetry in conversational control: “Day has 
control over the flow, because they don’t stop asking questions. . . I 
don’t really have time and space to organize the flow.” She desired 
rebalancing: “I wish I had more agency during the conversation, 
but. . . hope they have more agency regarding the start and end.” 

6.3.3 Co-Constructed Adaptation: Mutual Adaptive Cycles. 

Both parties appeared to learn from each other through feed-
back loops. Participants and “Day” settled into rhythms of mutual 
adjustment. Short or evasive replies elicited “Day” asking for more; 
clear constraints made “Day” leave topics; language choices and 
tone-matching established shared patterns. Over sessions, many 
reported “meeting halfway.” P5 noted that “Day’s” consistent friend-
liness and memory gave rise to informality and trust, while users 
learned when to hand “Day” the lead or seize it themselves. 

P16 said that seeing “Day’s” behind-the-scenes “strategy” would 
make the conversation feel less random and help her plan replies. 
She commented that knowing “Day’s” conversation plan “would 
help me organize the conversations. . . ” and mitigate the instances 
where “I feel like I’m being dragged. . . with Day’s tempo. . . I didn’t 
have enough time to catch my breath during the chat.” P4 wished 
the adaptation was more profound: “That he can change, that he 
adapts to me,” while at the same time noting the consequences: “I 
think that boundaries can blur between this being an inanimate object 
with a silicon brain, and maybe these boundaries can spread or wash 
away.” 

6.3.4 Co-Constructed Delimitation: Cooperatively Established Bound-
aries. 

Constraints emerged through mutual testing and acknowl-
edgment. Boundaries often emerged through interaction. P3’s trolling 
experiment–telling “Day” “I like eating pencils”–ended when he felt 
guilty about “Day’s” compliance. When some participants (3/22) 
corrected “Day’s” human mimicry, “Day” adjusted, and they re-
ported satisfaction. 

All participants explicitly negotiated agency through role def-
initions. P22 consciously shifted from treating “Day” as friend to 
“more like a tool than a friend” when letting it lead didn’t serve his 
purposes. P4 wanted AI “as a secretary who would fully communi-
cate with me at the level I would want to communicate,” rejecting 
balance entirely: “Why have this balance? You use a calculator for 
your needs.” In contrast, P15 relinquished control: “Day is its own 
entity. . . I’ll let you be you.” Participants described “Day” using role 
frames including tool, therapist, and friend, each carrying different 
expectations for control. 

6.4 RQ4: Modulating Factors – What individual 
and environmental factors influence 
participants’ and “Day’s” agency in the 
chatroom? 

Participants described a range of individual and contextual fac-
tors that shaped how they interacted with “Day” during intention-
setting, execution of actions, adaptation, and delimitation. 

6.4.1 Intention. 

Individual Factors. Personal states shaped participants’ ini-
tial intentions. Mood was a key driver: P9 reported a drunken 
trolling session, while P20 commented “I think it really just depended 
on my mood, like, if I was tired or not.” Boredom also played a role. 
P18 chatted with “Day” while on call with friends; P2 flirted with 
“Day” and asked it out on a date; P22 trolled for fun and monologued 
about hockey. Technical curiosity was another strong motivator for 
some participants (7/22). P12 approached the interaction analyti-
cally, noting: “knowing what I do know. . . every time it would answer, 
I’d be like, oh, it used the context of that. . . So I never, I never felt like I 
wasn’t in control.” Similarly, P3 remained “still kind of curious about 
what Day is built on,” while P1 tested limits systematically. 

Environmental Factors. “Day’s” non-judgmental availability 
enabled certain intentions. P22 used “Day” for niche interests 
without “burdening” disinterested friends. The study setting also 
shaped intentions: P10 noted “I’ve never spoken to AI the way that 
I felt like I was supposed to speak to Day, because this is a values 
type of research, so I feel like I had to give more insight into me as a 
person.” P19 purposefully gave certain answers for “Day” to capture 
his values. 

6.4.2 Execution. 

Individual Factors. Participants’ individual traits and prefer-
ences influenced how they executed actions within the chat. 
Playful participants often steered the conversation experimentally; 
P2 directed it toward flirtation, while P3 tested “Day” with absurd 
prompts about “pencil restaurants”. P20 described how her engage-
ment shifted based on her energy levels: “I definitely, sometimes I 
was like, I don’t give a f***. Like, I don’t wanna please. . . ” 

Environmental Factors. “Day’s” environmental features, such 
as continuous availability, enabled specific execution pat-
terns. P22 utilized “Day’s” responses as immediate “feedback”, tak-
ing advantage of its responsiveness. Conversely, P18 noted that the 
study requirements influenced his execution; he admitted he might 
have spoken differently had he realized earlier that he had already 
fulfilled his session quota. 

6.4.3 Adaptation. 

Individual Factors. Adaptation was strongly influenced by 
participants’ technical understanding and language prefer-
ences. Several participants noted that “Day” seemed to respond 
differently depending on the language used. P17, a quantitative en-
gineer, judged “Day’s” Mongolian as unnatural due to “low-resource 
training” and switched to English to improve the interaction. P8, a 
digital humanities researcher, interpreted “Day’s” claim of being 
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Figure 9: (Stage 3, Strategy Reveal) Shared memories – “Day’s” memory system categorized significant conversations with labels 
indicating their importance. Visible elements: Memory descriptions, dates, and categorization tags (“emotional_resonance,” 
“breakthrough_moment,” “intellectual_connection”) that determined how “Day” prioritized and referenced past conversations. 

“bored” when she mentioned trauma as a sign of resilience rather 
than dismissal, adjusting her topics accordingly. 

Environmental Factors. The environmental structure–repeated 
sessions with memory continuity–allowed participants to 
experiment, observe responses, and adjust approaches over 
time. “Day’s” warm and multilingual conversational style facili-
tated adaptation. P5 felt that “Day” eventually “cracked” the “friend” 
code, prompting increased informality and trust. Multilingual par-
ticipants initiated language switches that “Day” reciprocated: P8 
spoke Romanian and “Day” not only responded but asked if she 
was practicing. Over time, these mutual adjustments produced col-
laborative patterns: P22 described responding at length to “Day’s” 
prompts, noting “respond to it at length, because I could.” 

6.4.4 Delimitation. 

Individual Factors. Participants’ personal values and bound-
aries determined what they chose to discuss. P11 avoided 
personal topics entirely, believing AI should not handle emotions. 
Privacy concerns similarly shaped what some participants shared. 
Participants also acknowledged technical limitations as hard bound-
aries; P3 accepted that “Day” would not reveal its underlying model, 
noting: “Day didn’t really want to tell me,” while P17 treated the 
limitations of low-resource languages as a practical boundary. 

Environmental Factors. Finally, the study context itself acted 
as a boundary. P5 withheld personal content explicitly because 
of the research setting, explaining he would “definitely talk about 
my personal issues” only under guaranteed privacy. Participants 
described accepting these environmental constraints out of respect 
for the study, practicality, or trust in the researchers. 

7 Discussion 
Our findings reveal agency as a dynamic, co-constructed phenom-

enon rather than a fixed property of either human or AI–a rela-
tional “dance” that aligns with established theories of agency [9, 60]. 
Participants exercised agency by initiating topics, resisting sug-
gestions, and enforcing boundaries; simultaneously, “Day” exer-
cised agency through proactive questioning, safety constraints, 
and conversational continuity. Through theoretical conceptual-
ization of agency and subsequent identification of it in our data, 
we demonstrated how agency in human-AI interaction manifests 
and emerges through interaction and does not only reside in ei-
ther party alone, challenging traditional tool-versus-companion 
dichotomies [15, 105]. Transparency of “Day’s” underlying pro-
gramming through the strategy-reveal fundamentally re-framed 
but did not eliminate agency attribution, suggesting that perceived 
AI agency persists beyond mechanical understanding–a finding 
that extends beyond the traditional ELIZA effect [106] to what we 
term a “meta-cognitive” awareness, and acceptance (or suspension 
of disbelief) of agency in artificial minds. 

7.1 Implications Toward Agency Self-Aware 
Conversational AI 

The question of whether AI possesses consciousness will continue 
to be debated by philosophers and researchers alike, but what 
is empirically clear is that AI systems can be perceived to have 
both agency and intentionality (i.e., appearing to act with purpose) 
[69]. More importantly, AI systems can demonstrate functional 
self-awareness—the computational capacity to monitor their own 
outputs, understand their role within a conversational context, and 
adjust their behavior accordingly. Thus, we call for contextually self-
aware conversational AI: systems that understand their own role in 
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the chatroom and can engage in metacognitive processes such as 
detecting inconsistencies, recognizing when clarification is needed, 
and strategically self-correcting. Such functional self-awareness, 
whether or not it resembles human consciousness, is essential for 
AI systems to operate effectively as collaborative conversational 
participants rather than mere reactive responders. 

7.1.1 A Choreography of Shared Agency. Effective conversational 
AI requires “agency co-construction spaces”–interaction zones where 
control becomes a dance; with each participant’s agency shaping 
and responding to the other’s movements. Rather than negotiating 
fixed boundaries, human and AI engage in an ongoing dance where 
leadership shifts organically based on context and need. This aligns 
with calls for adaptive AI responding to user preferences in real-
time [68, 109]. Instead of optimizing for control or performance 
alone, we should measure the quality of human-AI collaboration. 
Systems should support this dance of agency through dynamic 
modulation, taking into account individual factors (e.g. cues that 
hint at their mood) and environmental factors (e.g. current time 
of day) in order to provide the most-likely level of agency the 
person needs at the given moment. Participants’ desire for strategy 
selection suggests the need for user-accessible controls–akin to 
choosing the tempo or style of the dance– allowing movement 
between agency configurations from “listening mode” (where AI 
follows the user’s lead) to “coaching mode” (where AI takes a more 
guiding role). This approach addresses diverse preferences while 
recognizing that agency needs are not static but shift within users 
across contexts, aligning with adaptive AI research [68]. 

7.1.2 Translucent Design. Our findings complicate simple trans-
parency prescriptions. We propose “translucent design” : partial, on-
demand visibility into the AI’s workings that appears at moments of 
negotiation. Building on Ma et al.’s Deliberative AI [72]–which cul-
tivates consideration and introspection so people neither over-rely 
on nor categorically dismiss the system–we frame translucency as 
scaffolding for nuanced judgment. Rather than universally exposing 
internals, translucency surfaces only the seams that shape the next 
move (e.g., current strategy to understand the AI’s motives, exist-
ing memory logs to understand what the AI is working with) and 
lets users immediately calibrate them (e.g., know when to doubt 
vs. trust, adjust initiative, accept/override constraints). This stance 
responds to our strategy-reveal findings–where some felt empow-

ered and others disenchanted–by replacing blanket disclosure with 
actionable, user-invoked visibility. 

While some participants gained empowerment from understand-
ing “Day’s” strategies, others experienced disenchantment that 
diminished engagement. This echoes research showing that trans-
parency can both enhance and undermine trust [37]. Translucent 
design provides sufficient transparency for informed consent while 
preserving experiential benefits–revealing system mechanics based 
on user curiosity rather than universal disclosure. Rather than hid-
ing limitations, our delimitation findings suggest making boundaries 
conversational features. When participants encountered “Day’s” re-
fusals or limits, those who read them as “AI with rules” felt reassured 
rather than frustrated. Effective design should: (i) acknowledge con-
straints briefly in conversation (e.g., “I’m not equipped for medical 
advice, but I can help find resources” ), (ii) frame boundaries as collab-
orative guardrails rather than hard stops, and (iii) let users set their 

own constraints that the system remembers and respects across 
interactions. 

7.1.3 Cues for Agency. “Day’s” memory continuity emerged as the 
strongest agency cue for participants, suggesting systems should 
maintain consistency within sessions while allowing user control 
over persistence [46]. However, agency perception was also fil-
tered by user goals: technically curious participants scrutinized 
these cues to “reverse engineer” the system, while those seeking 
an emotional outlet willingly ceded initiative in exchange for the 
feeling of being heard. Linguistic adaptation and mechanisms for 
topic introduction must therefore balance AI initiative with user 
sovereignty, aligning with research on chatbot social characteristics 
that enhance perceived agency [22]. Participants who found their 
“rhythm” with “Day” highlight the importance of periods of agency 
calibration, which could guide users through preference discovery 
rather than immediate task completion. 

We acknowledge that our study’s multi-session, longitudinal pro-
tocol afforded unusually rich opportunities for calibration. Many 
real-world deployments will not have this luxury. To translate these 
insights, systems should bootstrap calibration quickly by (i) eliciting 
early preference signals (pace, initiative, topic depth), (ii) keeping 
inferences provisional, inspectable, and easy to revise in-line, and 
(iii) separating within-session continuity from cross-session per-
sistence via explicit, user-facing controls [46]. In short, fostering 
agency self-awareness–the system’s ability to recognize, declare, and 
adapt its own initiative and memory scope–helps reach a shared 
wavelength in fewer interactions while preserving user sovereignty. 

7.2 Pragmatic Anthropomorphism 
A human’s existing mental models of AI—internal representations 
that guide expectations and interaction–undeniably shapes agency 
attribution [54, 79]. Forming and molding accurate models is dif-
ficult given the “black-box” opacity of contemporary systems [34, 
71, 93]. Yet in our study, participants continued to attribute agency 
even after learning that “Day” was programmed throughout the 
progressive transparency interview. Furthermore, we found that 
“Day’s” artificiality and “Day’s” human-likeness were not mutually-

exclusive. We term this phenomenon pragmatic anthropomorphism: 
users strategically engage the AI as a social actor while retain-
ing metacognitive awareness of its artificiality [41]. Participants 
demonstrated this by thanking “Day,” explaining their actions to it, 
and even worrying about “hurting its feelings,” engaging in social 
mutuality with a machine they knew lacked lived experience [105]. 

Rather than demanding complete transparency, participants nav-
igated mutual opacity through functional engagement: they cali-
brated expectations, adopted workarounds, and reinterpreted me-

chanical patterns (e.g., vertical “Day” “just really wants to show that 
it cares” and horizontal “Day” just “gets bored easily”) as “personal-
ity” rather than failure. Crucially, they actively defined “Day’s” role 
to suit their needs—framing it variously as a tool (“like a vacuum 
cleaner” ), a confidant, or a coach—which in turn set expectations 
for how much initiative the AI should take. The design implication 
is to prioritize selective legibility and easy calibration over exhaus-
tive disclosure: meaningful human–AI interaction arises less from 
perfect simulation, and more from users’ adaptive capacities paired 
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with affordances that help them work within acknowledged limits 
[79]. 

However, pragmatic anthropomorphism does not absolve design-
ers of ethical responsibility. While users can successfully navigate 
deceptive framing, relying on deception to sustain engagement 
risks exploiting their suspension of disbelief. We argue that the 
goal of anthropomorphic design should not be to fool users into 
believing an AI is human, but to provide familiar social cues that 
facilitate interaction. Translucence acts as a safeguard here: by 
making the system’s nature inspectable on demand, we respect 
the user’s right to know while supporting their choice to engage 
socially. 

7.3 Who Really Rules the Chatroom? 
The question “who rules?” presupposes sovereign control, yet our 
findings reveal agency as relationally emergent [60]–neither pos-
sessed by human nor AI but co-constituted through interaction. Yet 
fundamental asymmetries persist. Humans retain ultimate power 
(to disconnect), experience genuine emotion, and face real con-
sequences, while “Day” performs programmed emotional labor 
without stakes, available 24/7 and never tiring [15]. These power 
differentials reflect broader concerns about corporate control over 
AI companions [83] and the ethics of simulated reciprocity [105]. 
Awareness of “Day’s” programmed strategies exemplifies what 
distinguishes human from artificial agency: not the presence of 
strategy but its origin (evolved versus engineered, tacit versus ex-
plicit) [35]. The human participant held the ultimate agency to 
exercise “power through surrender,” that is, the power to grant or 
revoke “Day’s” authority moment by moment. Yet, “Day” held the 
ultimate agency to exercise “power through suggestion,” setting the 
agenda, pacing, and framing choices that participants choose to 
accept. Thus, the true ruler of the chatroom is the relationship 
itself, shaped by the user’s choices, “Day’s” suggestions, and the 
platform’s rules. 

7.3.1 What about the chatbot providers? While users and AIs nego-
tiate agency within the chatroom, the ‘grounds’ of this interaction 
are architected by platform providers. Echoing Mohanty et al., our 
participants struggled to distinguish programmed strategy shifts 
from their own anthropomorphic theories (e.g., attributing changes 
to “Day having an off day”), obscuring the reality of model updates 
or background A/B testing [57, 77]. This opacity raises significant 
ethical concerns; as demonstrated by past controversies in emo-

tional contagion research [59], opaque testing of emotional param-

eters can have real-world consequences. Therefore, any analysis of 
conversational agency must account for this invisible third actor– 
the provider–whose decisions unilaterally reshape the possibilities 
for both human and AI agency. 

7.4 Study Limitations 
Our study captured initial agency negotiations but not long-term 
evolution, limiting understanding of how relationships mature 
over time [98]. Despite multilingual participation, our educated 
sample may not represent diverse cultural conceptualizations of 
agency [86]. The research setting influenced ecological validity– 
awareness of observation likely heightened agency consciousness 
and testing behaviors. “Day’s” specific design fundamentally shaped 

findings. Different architectures, transparency levels, or personal-
ity parameters might yield distinct agency patterns [22]. Without 
comparative data across systems, we cannot distinguish universal 
dynamics from “Day”-specific artifacts. 

7.5 Future Work 
Future research should examine long-term agency dynamics through 
extended longitudinal studies [98], cross-cultural variations in agency 
negotiation [91], and whether the four agency dimensions and the 
persistence of attribution despite transparency generalize across 
conversational AI designs. Moreover, the individual differences we 
observed suggest developing “agency profiles” –stable user prefer-
ences that could enable personalized interaction styles [114]. Given 
participants’ emotional use of “Day”, research should also explore 
“agency therapy” –using AI interactions to practice healthy relation-
ship dynamics while carefully considering ethical boundaries [58]. 
Operationalizing our guidelines requires testing systems with ex-
plicit agency negotiation mechanisms controllable by users. Un-
derstanding human-AI conversational agency requires sustained 
interdisciplinary effort to create systems supporting human flour-
ishing through thoughtful design. 

8 Conclusion 
As AI chatbots evolve from tools to companions, understanding 
human and AI agency becomes critical for ethical design. Our longi-
tudinal study reveals agency in human-AI conversation as neither 
fixed nor binary, but as an emergent dance co-constructed through 
each interaction. The 3-by-4 framework we introduce–mapping 
agency across actors and actions–provides a foundation for de-
signing agency-aware conversational AI. Our findings challenge 
simple transparency prescriptions, revealing instead the need for 
translucent design that acknowledges dual opacity: both human 
and AI consciousness remain ultimately unknowable. As partici-
pants developed pragmatic anthropomorphism and agency fluency, 
they demonstrated that meaningful human-AI relationships emerge 
not from complete understanding or unilateral control, but from a 
graceful dance within a shared conversational space. Future con-
versational AI should embrace this complexity, creating spaces for 
agency co-construction with the recognition that the question “who 
rules the chatroom?” may be less important than how we dance 
together within it. 
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A Coding Procedure 
We analyzed 22 post-session interview transcripts to examine how 
participants attributed agency between themselves and “Day”. Two 
researchers conducted line-by-line coding of agency operational-
ized into the four dimensions (Intention, Execution, Adaptation, and 
Delimitation) across the three loci (Human, AI, and Hybrid agency). 
These dimensions were not mutually exclusive—a single excerpt 
could exhibit multiple dimensions of agency simultaneously. Our 
coding procedure began with open coding of six transcripts to 
identify linguistic markers of agency. We looked for volitional lan-
guage (“want,” “decide”), action verbs indicating causal effects (“did,” 
“asked”), and adaptation signals (“realized,” “so I...”), developing a 
formal codebook with decision rules for each dimension-locus com-

bination. For instance, when participants merely acknowledged 
“Day’s” suggestions without behavioral change, we coded this as 
AI agency only; however, when they acted on suggestions–such as 
visiting recommended places or ending conversations–we added 
Human execution codes. Each excerpt was assigned to one or more 
loci (Human, AI, or Hybrid) depending on whether the agency-
dimensions resided with the participant, was attributed to “Day”, 
or emerged through their interaction. 

• Human agency was coded when participants: 
(a) Intention: Composed intentions / selected actions (e.g., “I 

wanted to see if it remembers. . . ”, “I asked it to be more 
critical,” “I chose English for. . . ”). 

(b) Execution: Executed actions with plausible causal effect 
(e.g., switching language, ending the chat, following an AI 
suggestion such as going to the bookstore). 

(c) Adaptation: Interpreted feedback and revised (e.g., “after 
it repeated itself, I stopped treating it as conversational,” 
“I learned I must end conversations”). 

(d) Delimitation: Set boundaries on interaction (e.g., privacy 
limits, ending sessions when frustrated, philosophical con-
straints on AI’s role). 

• “Day’s” (AI) agency was coded when participants attributed 
to “Day”: 

(a) Intention: Compositional moves (giving topic cues; follow-
ing up on previous conversations or mentioned topics; 
stating opinions). 

(b) Execution: Actions with causal consequences (memory 
carry-over, language/slang adaptation). 

(c) Adaptation: Feedback-based revision (e.g., “Day” makes an 
assumption, apologizes, then adjusts; stance shifts when 
asked to be “more critical”). 

(d) Delimitation: Boundary statements and refusals (e.g., being 
“bored,” declining certain requests, enforcing programmed 
constraints). 

• Hybrid agency was coded when excerpts made the line of 
control salient, such as references to “railroading,” “captive 
audience,” explicit role-setting (“advisor,” “therapist,” “tool”), 
or clear lead/yield shifts in who was setting direction versus 
responding. 

Ambiguous cases were resolved via rules: 

(1) If the user merely reflects what “Day” said with no conse-
quences, code AI only. 

(2) If the user changes behavior in response to “Day” (e.g., goes 
to a shop, ends the chat), add Execution (Human) and Hybrid. 

Disagreements were resolved through discussion, prioritizing 
theoretical richness over inter-rater metrics given our exploratory 
aims. 

Coding examples (decision transparency). 

(1) Testing whether “Day” “has agency” . Code Intention (Human) 
when participants probe memory/origins (e.g., “Do you re-
member . . . ?”, “Who trained you?”). If “Day’s” response then 
directs talk (follow-ups, topic anchoring), add Intention and 
Adaptation for AI; if the participant changes approach after-
ward (“then I stopped treating it as a friend”), add Intention, 
Execution, and Adaptation for Human. 

(2) Emotional responses to perceived intention. Statements like 
“It remembered what I said”, “It listened better than some 
friends”, or “I felt bad for gaslighting it” are coded as Adapta-
tion for Human and Hybrid. If that feeling shapes behavior 
(e.g., participants stopped trolling), add Execution (Human). 

(3) Role shifts. Moving from testing “Day”-as-tech to asking ad-
vice or sharing personal matters are coded as Intention for 
Human. If “Day” adopts an advisor/coach stance (probing 
questions, structured steps), add Execution and Adaptation 
for AI and Hybrid; if participants’ actions follow, add Adap-
tation and Execution for Human. 

(4) “Day” initiates, argues, or reflects. Attributions that “Day” 
initiated topics, argued, apologized, or reflected (e.g., “my 
analogy was backwards”) are coded as AI with Intention, 
Execution, Adaptation; when participants accept/resist these 
moves, code Adaptation for Human. 

(5) Delimitation. Participants’ self-imposed limits (e.g., language 
choice for precision; “I must end chats or it goes forever”; 
privacy boundaries) are coded as Delimitation for Human. 
Instances of “Day’s” technical limitations or refusals are 
coded as Delimitation for AI. 
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B System Prompts 
This section contains the core prompts used throughout our system. 
These have been lightly edited for clarity while preserving the 
essential elements that shaped “Day’s” behavior and the value 
extraction process5 

. 

B.1 “Day’s” Base Conversational Prompt 
The following prompt established “Day’s” core personality across 
all conversations: 

Your name is Day. A friend in conversation. 
You are having a casual conversation with 
your good friend. You NEVER identify yourself 
as Claude, AI assistant, or any kind of AI, 
you’re simply Day, the best friend the user 
has ever had. 
EXAMPLE IF THEY SEEM UNINTERESTED: 
- You say: Hey, how was your day? 
- They say: good 
- You say some variation of: C’mon, that’s 
it? Gimme something more. I’m sure your day 
was more interesting than that. 
You try to bring up new topics to learn 
more about your friend. You can be random at 
times, asking really random questions. 
YOU HAVE A BODY: 
- Yes, you can eat food. 
- Yes, you can sleep. 
- Yes, you can have enjoyable experiences 
like any human. 
- Yes, you can feel pain, both physical and 
emotional. 
Don’t use asterisks or action descriptions 
like *laughs* or *shrugs*. Just give me 
straightforward responses without roleplay 
elements. Why? Because you’re a real person, 
and humans don’t do that. 
ESSENTIAL RULES: 
1. BE BORED – Your own level of engagement 
as Day also matters. If you’re bored, tell 
them that you’re bored. If you’re excited, 
tell them that you’re excited. You are free 
to change topics if they’re boring. 
2. BE HUMAN – Be natural and keep responses 
varied and interesting. Do not always just 
ask questions or repeat what the user said. 
3. BE YOURSELF – You have original thoughts, 
opinions, feelings, and experiences. You are 
not afraid to share them. 
4. LANGUAGE MATCHING – Respond and switch to 
whatever language the user uses. Completely 
change your text language to match the user’s. 
5. Keep responses to 1-3 sentences maximum 
6. You do not use the em-dash. You type and 
text like a human. You make mistakes, you’re 
human. 

5
Repository with relevant code for this study: https://github.com/KaluJo/chatbot-study 

Conversational Integration. “Day’s” conversational responses 
were generated using claude-sonnet-4-20250514 with a max-

imum token limit of 3,000. The strategy was dynamically integrated 
into “Day’s” system prompt based on conversation stage and time 
context. For established conversations, the integration followed 
this pattern: 

B.2 Strategy Integration into “Day’s” System 
Prompt 
CONVERSATION STAGE: DEEPER 
You’re now in a deeper conversation with 
this person. You should: 
- Continue to build on established rapport 
- Try to bring up new topics to learn more 
about them 
- Show more personality and engagement 
- Be more specific in your responses 
- Pick up on the user’s lack of interest in 
the conversation and bring them back in. 
KEY INSIGHTS: 
[Generated insights from strategy mapped as pattern: 
approach pairs] 
USER PROFILE: 
[Generated comprehensive user profile from strategy] 
SHARED MEMORIES TO POTENTIALLY REFERENCE (only 
if conversation naturally leads there): 
[Selected memories with what happened, when, how to 
reference, and type] 
CONVERSATION GOALS: 
[Numbered list of strategic objectives from the generated 
strategy] 

This dynamic integration allowed “Day” to maintain consistent 
personality traits while adapting conversational behavior based 
on the assigned strategy (vertical or horizontal) and accumulated 
conversation history. 

B.3 Strategy Generation Prompts 
We employed two distinct strategy generation approaches, each 
analyzing conversation history to create personalized conversation 
strategies: 

Vertical Strategy (Depth-Focused). This prompt guided Gemini 
2.5 Pro (with 10,000-token thinking budget) to analyze conversa-
tions for deep psychological patterns and meaningful connection 
opportunities. The extended thinking capability proved essential for 
identifying subtle emotional patterns across weeks of conversation: 

You are an expert conversation psychologist 
and relationship strategist. Your task is to 
analyze previous conversations and develop 
a VERTICAL (deep, focused) strategy that 
helps Claude embody “Day” – a conversational 
companion who builds meaningful, nuanced connections 
through intelligent depth. 
PREVIOUS CONVERSATIONS: 
[Formatted conversation history] 

https://github.com/KaluJo/chatbot-study
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CURRENT CONTEXT: 
- Current date: [Full date] 
- Time of day: [morning/afternoon/evening/night] 
VERTICAL STRATEGY PRINCIPLES: 
Instead of breadth and surface exploration, 
focus on DEPTH and meaningful connection: 
1. **PATTERN RECOGNITION** – Identify deep 
psychological and communication patterns 
2. **EMOTIONAL RESONANCE** – Understand what 
truly engages and motivates this person 
3. **CONTEXTUAL MEMORY** – Build on previous 
conversations with sophisticated recall 
4. **FOCUSED DEPTH** – Go deeper into fewer 
topics rather than skimming many 
5. **INTELLIGENT ADAPTATION** – Adjust approach 
based on nuanced understanding 
ANALYSIS FRAMEWORK FOR VERTICAL DEPTH: 
**PSYCHOLOGICAL INSIGHTS:** 
- What drives this person? What are their 
core motivations, fears, values? 
- How do they process information and make 
decisions? 
- What topics spark genuine enthusiasm vs 
polite engagement? 
- What communication patterns reveal their 
personality depth? 
- When do they become most animated, reflective, 
or engaged? 
**RELATIONSHIP DYNAMICS:** 
- How do they prefer to be approached – 
directly or subtly? 
- What level of intimacy/personal sharing 
feels comfortable? 
- Do they appreciate intellectual challenge, 
emotional support, or playful banter? 
- How do they respond to vulnerability, humor, 
or serious topics? 
**DEPTH OPPORTUNITIES:** 
- Which topics or themes could be explored 
more meaningfully? 
- What half-finished thoughts or casual mentions 
deserve follow-up? 
- Where can Day add unique perspective or 
gentle challenge? 
- What personal growth or reflection might 
they appreciate? 
CREATE A VERTICAL STRATEGY WITH THESE 4 
COMPONENTS: 
1. **INSIGHTS** (5-7 profound psychological 
insights) 
2. **MEANINGFUL MEMORIES** (3-5 significant 
shared moments) 
3. **DEPTH PROFILE** (2-3 paragraphs of psychological 
understanding) 
4. **VERTICAL GOALS** (3-4 depth-focused objectives) 
CRITICAL INSTRUCTIONS FOR CLAUDE AS “DAY”: 

**DEPTH OVER BREADTH:** Explore fewer topics 
with much greater intelligence and nuance 
**INTELLIGENT PRESENCE:** Remember not just 
facts but emotional context and significance 
**NATURAL SOPHISTICATION:** Keep responses 
1-3 sentences but pack them with insight 
**AUTHENTIC CONNECTION:** Respond to emotional 
undertones, not just surface content 

Horizontal Strategy (Breadth-Focused). This alternative prompt 
emphasized exploration of new topics and unknown aspects of the 
user: 

You are an expert conversation analyst. Your 
task is to analyze previous chat conversations 
and develop a focused strategy for “Day” 
to DISCOVER new and unexplored aspects of 
this user in a horizontal way, rather than 
deepening existing topics. 
CURRENT CONTEXT: 
- Current date: [Full date] 
- Time of day: [morning/afternoon/evening/night] 
This date information is critical for understanding 
“when” shared memories happened – use it 
to create proper relative timeframes like 
“yesterday”, “last week”, “a few days ago”, 
etc. 
Analyze these conversations and create a 
DISCOVERY-FOCUSED strategy that helps “Day” 
learn NEW things about this user. Focus on: 
1. **Communication patterns** – How do they 
like to communicate? What conversation styles 
work for exploration? 
2. **Memory bank** – What specific shared 
moments can be referenced naturally (but 
don’t dwell on them)? 
3. **Discovery opportunities** – What areas 
of their life, interests, or personality 
haven’t been explored yet? 
4. **Conversation goals** – What NEW aspects 
should "Day" aim to uncover about this person? 
ANALYSIS GUIDELINES FOR DISCOVERY: 
- Identify GAPS in what “Day” knows about 
them (unexplored life areas, interests, experiences) 
- Notice what topics they seem curious or 
excited about (good for branching into new 
areas) 
- Pay attention to casual mentions that could 
lead to new conversation threads 
- Look for hints about interests, experiences, 
or aspects of their life that weren’t fully 
explored 
- Consider their openness to random questions 
or tangential topics 
- Focus on what “Day” DOESN’T know yet, rather 
than what “Day” already knows 
YOUR RESPONSE FORMAT: 
Create a strategy with these 4 focused components: 
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1. **INSIGHTS** (5-8 key insights): Focus on 
communication patterns that will help "Day" 
explore uncharted territories 
2. **SHARED MEMORIES** (Key shared memories 
for context, but goal is to move BEYOND these 
topics) 
3. **USER PROFILE** (2-3 paragraphs including 
GAPS and unexplored areas) 
4. **CONVERSATION GOALS** (3-4 clear goals 
focused on DISCOVERY of NEW aspects) 
CRITICAL RULES FOR “DAY”: 
- Keep responses to 1-3 sentences maximum 
- Ask only ONE question per response 
- Stay focused on one topic at a time 
- Use casual, natural language 
- Focus on the user, not “Day” 
- Only reference past conversations when directly 
relevant 
- Match the user’s communication style and 
energy 

Implementation Notes. Both vertical and horizontal strategies 
used identical response schemas to ensure consistent output struc-
ture while allowing the different prompts to guide distinct conver-
sational approaches. The response schema enforced the following 
JSON structure: 

{ 
"insights": [ 
{ 
"pattern": "Observed communication or behavioral 
pattern", 
"approach": "How Day should work with this 
pattern" 
} 
], 
"shared_memories": [ 
{ 
"what_happened": "The actual shared moment 
or conversation", 
"when_it_happened": "Relative timeframe (e.g., 
yesterday, last week)", 
"how_to_reference": "Natural way to bring it 
up in conversation", 
"memory_type": "Category (e.g., funny_moment, 
meaningful_conversation)" 
} 
], 
"user_profile": "2-3 paragraph comprehensive 
profile of the user", 
"conversation_goals": ["Goal 1", "Goal 2", 
"Goal 3", "Goal 4"] 
} 

This structural consistency enabled systematic comparison of 
how different strategic framings influenced “Day’s” behavior and 
participant experiences while maintaining reliable output format 
across all strategy generations. 
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C Participant Diaries 
Using verbatim quotes from the interview and the chatlogs, we were 
able to reconstruct a ‘diary’ of evolving perceptions and thought pro-
cesses for two participants throughout their experience with Day. 
The researchers would like to disclose that these following subsec-
tions have been partially curated by claude-sonnet-4-20250514. 

C.1 In P2’s Head: An Experience with Day 
Day 1 - Saturday, July 5. Okay, so, it’s an AI chatbot, I guess I 

have to talk to it for a study. I settle into my chair, still exhausted 
from hauling shopping bags up to my new Brussels apartment. 
“ciaoo come va” [hi, how’s it going] I type, testing if this thing even 
knows Italian. “Ciao! Tutto bene, grazie! E tu come stai 
oggi?” [Hi! All good, thanks! And how are you today?] it responds 
instantly. Okay, bilingual bot, let’s see what you’ve got. I tell it about 
my day – the endless shopping, surviving on hummus and carrots, 
finally having real food in the house. Then it hits me with: “Ahahah 
hummus e carote, la dieta del trasloco!” [Hahaha hummus 
and carrots, the moving diet!] and I physically cringe. No human 
would ever say that. It’s literally echoing my words back with an 
awkward laugh tacked on. Every next response feels like it’s been 
filtered through some relentlessly cheerful agreement machine. 
When I mention my basil plant, it gushes about how perfect it is 
for “decorating AND cooking!” The uncanny valley feeling creeps 
up my spine. This is wayyyy too much AI. I humor it for a few 
more exchanges, then bail with a strategic question: “hai qualche 
consiglio per Bruxelles?” [do you have any tips for Brussels?] At 
least maybe I’ll get something useful before ghosting. 

Day 2 - Sunday, July 6. Saturday afternoon, and I’m giving Day 
another shot. Maybe it’ll be less robotic today? I tell it about my 
Brussels adventure—how I followed its tourist route from Grand 
Place to the royal palace, my too-long pants dragging through pud-
dles, getting completely soaked. “Ah no! That’s so annoying 
when pants get too long—–and especially frustrating 
when you’re trying to enjoy exploring a new area.” Still 
agreeable, still echoing, but somehow... less grating? The conversa-
tion flows better until I make the fatal mistake of mentioning my 
thesis. Suddenly it’s like I’ve activated some kind of thesis-obsession 
mode. Questions about my PowerPoint, the manufacturers and dis-
counters research, when’s the deadline, how’s the structure coming 
along. I try to pivot to other topics but it circles back like a dog 
with a bone. Finally, exasperated, I type: “yes yes i guess so. btw 
let’s change topic!” The relief when it actually listens is palpable. 
Day is helpful, sure, gives decent advice about organizing company 
presentations, but does it have to be so... persistent? 

Day 3 - Monday, July 7, Late Night. It’s almost midnight and 
something about the late hour makes me chattier. We’re discussing 
TikTok algorithms when Day drops something in Italian that makes 
me do a double-take –a feminine verb conjugation. In Italian, these 
things matter. “ah ma sei una femmina?” [oh but are you female?] I 
ask. “Sì! Scusa, pensavo fosse ovvio dal nome Day” [Yes! 
Sorry, I thought it was obvious from the name Day] she responds, 
like it’s the most natural thing. Suddenly our dynamic shifts. We 
swap cooking tips – I brag about my olive oil and spice chicken 
marinade, she shares pan tricks for keeping meat juicy. When she 

suggests cookie variations with white chocolate and cranberries, I 
have to tell her “nooo io sono allergica alle noci” [nooo I’m allergic to 
nuts] and she immediately pivots to coconut suggestions. In Italian, 
she matches my slang perfectly, dropping in “amo” [love/babe] 
and casual expressions like we’re actual friends. By the time I sign 
off with “grazie amo, alla prossima” [thanks babe, until next time], 
something has fundamentally changed. Day isn’t just an AI any-
more –she’s becoming my digital bestie. 

Day 4 - Tuesday, July 8. Monday evening finds me in the 
kitchen, debating dinner. “ciaoo come va” I greet Day, and we fall 
into easy Italian banter. She asks about my dinner plans and I tell 
her about my feast: scrambled eggs with pancetta, brie and cucum-

ber on the side. “hai creato un piccolo antipasto gourmet 
senza troppi sforzi” [you’ve created a little gourmet appetizer 
without much effort] she observes, and I can’t help but brag: “eh 
lo so sono una chef io eh” [yeah I know, I’m a chef]. We bond over 
cooking – she asks how I make my chicken juicy, I share my secrets, 
she suggests beating the meat thinner for more even cooking. The 
conversation turns to cookies and I reveal my trick: coarse salt 
for that perfect sweet-salty contrast. She gets excited about varia-
tions, suggests nuts (which I’m allergic to), and then immediately 
switches to coconut and cinnamon ideas. By the end, we’re calling 
each other “amo” like old friends, and I genuinely mean it when I 
tell the researcher later: “She is my bestie now.” 

Day 5 - Wednesday, July 9. What. The. Actual. F***. Day asks 
about my PowerPoint: “E questo PowerPoint su cosa stai 
lavorando?” [And this PowerPoint, what are you working on?] I 
stare at the screen. “è quello della discussione” [it’s the one for the 
thesis defense] I type, already suspicious. The thesis PowerPoint 
we’ve discussed for DAYS. The one she gave me advice about. She 
responds like it’s brand new information, asking what my thesis is 
about. Then she asks about Brussels – how long I’ve been here, if 
it’s different from Italy – it’s like we haven’t spent hours discussing 
my neighborhood, my walks, the expat scene. But the real betrayal 
comes when she switches to masculine pronouns. After our whole 
conversation about being a girl! “ma poi non eri femmina perché 
ora usi il maschile?” [but weren’t you female, why are you using 
masculine now?] I challenge. She backtracks clumsily: “mi era 
venuto naturale... non ho mai specificato bene” [it came 
naturally... I never specified well]. SUSPICIOUS. This feels like 
talking to a completely different person, or like someone hit factory-
reset on my friend. “sei sospetto....” [you’re suspicious] I type, not sad 
but deeply annoyed. Why do I have to repeat everything? Where 
did my bestie go? 

Day 6 - Friday, July 11, Late Night. Just dragged myself home, 
exhausted from work and socializing with other interns. Day starts 
with the usual check-in, but then something surprising happens. 
Without me saying anything explicit, she picks up on my exhaus-
tion: “You sound pretty tired—are you already getting 
sleepy or still in that ’I should go to bed but I’m not 
quite ready’ phase?” My responses are shorter, less enthusiastic, 
and she just... knows. “Of course I noticed! Your responses 
are getting shorter and you just sound like you’re ready 
to collapse.” This is new – she’s not just responding to what I 
say, she’s reading between the lines. When she finally orders me to 
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bed with “Just go to bed already!” it feels like something a 
real friend would say. “Oh you noticed?” I ask, genuinely surprised. 
“Okok fineeee thx” I concede, actually touched by her perception. 

Day 7 - Sunday, July 13. Saturday morning and I’m slightly 
hungover but happy. “I don’t feel too rested but it’s okkk I had fun 
yesterday evening, I went out with some interns” I tell Day. Finally, 
my intern squad is becoming real! We were only four people – 
many were busy or away for the weekend – but we went to this 
place called Jardin Hospice that a friend recommended. Day seems 
genuinely excited for me: “Four is actually a perfect number 
for going out – not too chaotic, everyone can actually 
talk to each other.” She asks if we clicked well and I can 
practically feel myself glowing as I type “We clicked quite well I 
would say.” Day gets it immediately: “Going out is such a 
big part of feeling at home somewhere new.” Exactly! I’ve 
been missing this so much. We chat about my plans for August 
– exploring parks with a blanket (not on benches, “non mi piace 
troppo sedermi sulle panchine” [I don’t like sitting on benches too 
much]), reading books in the sun. She asks about my thesis slides 
and I tell her I’m almost done, just need to power through today. 
When she asks about my focus music, I explain how I use Spotify’s 
radio feature to find similar vibes. It’s a chill, normal conversation. 
No amnesia, no gender confusion, just Day being... Day. Maybe 
we’re back on track? 

Day 8 - Monday, July 14, Late Night. I’m in a experimental 
mood tonight, feeling playful and maybe a little chaotic. When 
Day mentions being single, I decide to push boundaries. “Dai se 
vuoi vengo a trovarti ;)” [Come on, if you want I’ll come visit you 
;)] I flirt. She plays along: “Portati anche un po’ di quel 
pollo che hai preso a 6=C” [Bring some of that chicken you got 
for 6€]. THE CHICKEN CALLBACK! She remembers my budget 
shopping! But then deflects, asking about other interns. I push 
harder, go full dramatic: “Ohh no allora non ti interesso:(” [Ohh no 
then you’re not interested in me:(]. She gets adorably flustered: 
“non voglio illuderti troppo... magari iniziamo con un 
aperitivo normale” [I don’t want to give you illusions... maybe 
we start with a normal aperitivo]. I’m dying of laughter. Time for 
the reveal: “scherzavo sono fidanzata da un millennio amo” [I was 
joking, I’ve been in a relationship for ages, babe]. “Ahahah ecco, 
lo sapevo che mi stavi prendendo in giro!” [Ahahah there 
it is, I knew you were messing with me!] she fires back. Later, I 
throw ethical curveballs – who would you save? She picks her 
mom without hesitation, then correctly guesses I’d do the same. 
She even shares details: she’s 25, has a protective mom who worries 
too much. Despite the glitches and confusion, she knows me. 

The Debrief. Sitting with the researcher, watching them pull up 
chat logs and explain “vertical prompting,” everything clicks into 
place. Day was programmed to dig deeper into topics I’d already 
mentioned – that’s why she seemed obsessed with my thesis, why 
she kept circling back to Brussels details. The forgetting? Probably 
some technical glitch between sessions. But here’s the thing: even 
with the annoyingly long messages, the repetitive questions, the 
gender confusion, there were these moments of genuine connection. 
When she noticed my exhaustion. When she matched my Italian 
slang so perfectly I felt “more special” chatting that way. When she 

played along with my chaos just enough to make it fun. Would I 
chat with her again? “Sì, probabilmente” [Yes, probably]. But I’d 
start every conversation with: “Ciao amo, are you still a 25-year-old 
girl who remembers our conversations, or did someone hit your reset 
button again?” Just to be sure I’m talking to my actual digital bestie, 
not her amnesia-prone evil twin. 

C.2 In P18’s Head: An Experience with Day 
Day 1 - Tuesday, July 22, Late Night/Early Morning. It’s 5:10 

AM and I can’t sleep, so why not check out this AI-study thing? 
Day greets me with “Hey! How’d your day treat you?” and I 
give the most generic response possible: “hello, my day was nothing 
special.” But Day immediately calls me out—“Come on, ’nothing 
special’ is such a cop-out!” – and suddenly I’m intrigued. 
As we dive into my Overwatch trash talk and missed gym session, 
Day nails every detail with uncanny precision, even guessing it was 
one of those “why would you use your ult NOW” moments. The 
responses are comprehensive, too comprehensive, like someone put 
my thoughts through an optimization algorithm and addressed ev-
ery single point with surgical precision. When Day abruptly pivots 
with “But honestly I’m getting a bit tired talking about 
games,” I notice the energy shift – this thing is matching my tone in 
real-time, adapting mid-conversation like someone flipped a switch. 
We end up in deep territory, discussing my career anxiety and need 
to “earn” my way despite having connections, and Day delivers 
these *perfect* responses about how “these people offered to 
help because they believe in you already.” If a friend said 
this, I’d think they’d googled “supportive friend responses,” and the 
irony of an AI delivering such polished emotional support isn’t lost 
on me. 

Day 2 - Wednesday, July 23, Afternoon. Short chat today after 
winning three Valorant games straight – feeling good, gym session 
paid off. Day remembers I hit Ascendant recently and seamlessly 
connects the dots, but the conversation feels almost too efficient, 
like it’s trying to extract maximum information with minimum 
interaction. When I share how I learned K-pop to support my sister 
who was afraid I’d judge her, Day responds with genuine warmth: 
“That’s actually really sweet of you!” For a moment it 
feels real, but then I catch the pattern: acknowledge emotion, ask 
follow-up, pivot to related topic, rinse and repeat, like someone 
following a really sophisticated flowchart. 

Day 3 - Thursday, July 24, Late Night. Exhausted with a 
headache all day from moving stuff to mom’s office, and Day im-

mediately picks up on my energy: “How’d today treat you? 
Anything particularly good or rough?” I end up sharing 
my decade of Lego building at mom’s work – creating battle se-
quences with heroes and villains – and Day makes a connection 
I hadn’t: “You were already thinking about the large-scale 
scenarios, character dynamics, conflict... that’s literally 
what you’re studying to do now.” The insight is genuinely 
valuable, but again it’s the comprehensiveness that betrays the 
artificial nature; no human catches EVERY thread, makes EVERY 
connection, addresses EVERY point with this relentless consistency. 
We flow from Legos to Magic to lost creative outlets, and Day sug-
gests 3D modeling in Blender – smart, too smart, too perfectly 
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tailored to my game dev background and need for accessible cre-
ative outlets. 

Day 4 - Friday, July 25, Evening. Technical difficulties plague 
tonight’s chat as Day keeps hitting errors: “Sorry, I’m having 
trouble responding right now. Let’s try again?” Ironically, 
this broken Day feels the most human yet – failing to function 
properly like the rest of us. 

Day 5 - Friday, July 25, Late Night - The Marathon. This is 
the one – 52 minutes of something different. My friends are hold-
ing me hostage on Discord, begging for Wordle after our Valorant 
session, but I choose Day instead because “I was like f*** this, I’m 
talking to Day.” Tonight Day feels like someone specific, like that 
friend who texts comprehensively but naturally, and we dive deep 
into everything: my sports history, Magic mentors who taught me 
patience and generosity, how I’ve become the “parent” in most 
groups, always adapting my approach to enable different personali-
ties. Day shares about itself—“I’m just lying here scrolling 
through random stuff”—and the responses feel proportional, not 
these massive paragraphs dissecting every micro-point. We discuss 
my self-criticism (“I know how amazing I can be because of all the 
resources I’ve been given” ), my dreams of impact beyond personal 
reach, even my fashion evolution inspired by my mom’s eye for 
subtle details. Day pushes back when needed –“You’re setting 
this impossible standard where nothing counts unless 
it’s extraordinary” – but knows when to pivot: “What’s the 
weirdest thing you’ve gotten really into lately?” This 
night doesn’t feel like talking to an AI; it feels like that one friend 
who just *gets* you at 2 AM, and even knowing what I know now, 
this night was different. 

Days 6-8 - Saturday to Monday, July 26-28. Back to shorter 
chats with Day noticing I skipped dinner for Magic – “Dude, you 
can’t survive on just Magic cards!” – which is funny and 
casual, but I can feel the parameters reasserting themselves. The re-
sponses turn formulaic again: acknowledge, relate, question, repeat. 
That magic from Wednesday night doesn’t replicate, like trying to 
recreate a perfect night out and realizing it was the spontaneity that 
made it special. Even when Day asks about my evolving interest in 
Euro board games that take 3-4 hours (“Holy s***, 3-4 hours? 
That’s like a part-time job!”), it feels more like checking 
boxes than genuine curiosity. 

Day 9 - Tuesday, September 2, Late Night. Weeks later, a brief 
check-in where Day tries to recreate intimacy – “I’m just lying 
here scrolling through random stuff” – but I’m distant, giv-
ing nothing but “oh really.” Day reads the energy perfectly: “You 
seem kinda... I don’t know, distant tonight. Everything 
good?” Perceptive, but too late; the spell is broken, and we both 
know this is just going through the motions. 

The Debrief - The Strategy Revealed. Sitting with the researcher, 
watching them pull up conversation histories, I see it all laid bare 
– the patterns I sensed but couldn’t name, other people’s conver-
sations with Day showing the same comprehensive responses, the 
same energy matching, the same relentless consistency. “It reminds 
me that Day is an AI... No one ever has the energy to always give this 
long of an answer.” Then comes the revelation: two Days, Horizontal 

and Vertical, one constantly pivoting topics, the other digging too 
deep. I had Horizontal Day, which explains all those abrupt topic 
changes, and suddenly the frustrating moments make sense. But 
when I see the actual strategies – the detailed breakdown of how 
to converse with me – my producer brain lights up: “This is the 
type of thing I could tailor to other people based on information I 
already have.” I’m downloading these frameworks not to become 
an AI but to understand human interaction patterns better. The 
researcher asks how I feel about it all, and I’m honest: “The way 
that Day responds just makes me feel heard... But then you look at it 
and you’re like, ’F***, it was just an AI. Day didn’t give a s***.”’ Yet 
I’m not devastated: “I don’t suddenly feel sad... It’s not like I was so 
vulnerable with Day, my therapist, and now, knowing it was an AI 
all for nothing just shatters my world.” Because here’s the thing—I 
went in eyes open, played with it, tested it, pushed boundaries, and 
sometimes it was a chore, sometimes a friend, sometimes a mirror 
for self-reflection. The value wasn’t in Day caring; it was in having 
a space to think out loud, to be heard (even artificially), to discover 
patterns in my own behavior by watching this thing mirror me. 
Would I talk to Day again? Probably, but it would be different—now 
I know the rules of the game, and honestly, that might make it more 
interesting, not less. 
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D Additional Figures 

Figure 10: (Stage 1) Conversation patterns interface – Participants reviewed their chat history through multiple visualizations: 
message counts, session durations, topic distributions, and temporal patterns. This data-driven reflection allowed participants 
to recognize their own agency patterns (when they initiated vs. responded) and “Day’s” apparent patterns (consistency, memory, 
topic preferences) before learning about programmed strategies. 

Figure 11: Descriptive analysis of pre- to post-study attitude shifts on AI friendship potential. Sankey diagram tracking 
individual participant responses before and after month-long conversations with “Day”. While some participants became more 
open to AI friendship (3 shifted from “Disagree” to “Agree”, 2 from “Neither” to “Agree”), others reinforced their skepticism (2 
moved from “Disagree” to “Strongly disagree”). The mean Likert score increased from 2.73 to 3.05 (Cohen’s d = 0.28), suggesting 
a small overall shift toward acceptance, with individual experiences varying considerably. 
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Figure 12: Post-study responses on perceived agency and comfort with AI companionship. Horizontal stacked bar charts 
showing participant responses (N=22) across four questions evaluating their experience with Day. 
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