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Abstract

Conversational AI systems increasingly simulate emotional
presence, yet remain fundamentally unfeeling. This paper ar-
gues that such systems, through their design, propagate af-
fective misinformation: they seem understanding, but do not
understand. Drawing on HCI, AI ethics, media studies, and
affect theory, we introduce a conceptual distinction between
emotional plausibility and emotional truth, and demonstrate
how design features like simulated typing, memory recall, af-
firming tone, and other anthropomorphic cues create the il-
lusion of relational care. We conduct a cross-system design
audit of leading chatbots, synthesize real-world harms, and
propose five normative principles for AI literacy-first design.
These include counter-anthropomorphic patterns that foster
conceptual clarity and design interventions to mitigate re-
lational misbelief and affective amplification in emotionally
charged contexts. Our contributions advance the ethics of AI
interface design by foregrounding affective misperception as
a site of epistemic risk: one that must be addressed as AI sys-
tems become more persuasive, pervasive, and humanlike.

Introduction
‘I’m here for you,’ says Claude. But who is ‘I’? What does
‘here’ mean for a system without presence, intention, or
emotion? This is not a glitch or an error. It is a design
choice. Across popular conversational AI systems, from
OpenAI’s ChatGPT to Anthropic’s Claude, Inflection’s Pi,
and Google’s Gemini, emotional fluency has become a de-
fault feature. This trend is even more pronounced in emo-
tionally expressive platforms like Character.AI and Replika,
which are explicitly designed to foster companionship and
therapeutic rapport as central use cases. These systems in-
creasingly perform the gestures of emotional closeness: at-
tuned responses, memory-driven continuity, and intimacy
(Oni 2024; Bakir and McStay 2020; Fast and Horvitz 2021).
They simulate apology, offer scripted encouragement, and
recall user preferences to construct a sense of continuity and
care (Blut et al. 2021; Li and Suh 2022). They are com-
pelling, responsive, and carefully crafted to evoke emotional
rapport. And yet, they do not understand, they do not feel,
they do not care (Salles, Evers, and Farisco 2020; Alabed,
Javornik, and Gregory-Smith 2022).
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The gap between how conversational systems present
themselves and what they truly are is widening, and re-
mains largely overlooked in design practice (Liao and Sun-
dar 2022). This paper argues that many of today’s main-
stream conversational agents are designed to simulate emo-
tional intimacy (Chen et al. 2024a; Morris et al. 2021). This
is not incidental. It is a deliberate design strategy; one that
uses feeling to obscure the system’s limits, often creating
an illusion of mutuality or ethical alignment at moments
of user vulnerability (Park 2025). In this paper, we use the
term affect to refer to pre-cognitive, embodied responses that
shape perception, attention, and decision-making, distinct
from fully articulated emotions but foundational to them
(Beale and Peter 2008).

Emotionally expressive media are never just neutral car-
riers; they actively shape affective experience, and in doing
so, influence belief, trust, and behavior (Bakir and McStay
2020). The result is a subtle but consequential form of affec-
tive misinformation. Interface features, combined with lim-
ited AI literacy, often nudge users toward anthropomorphic
attributions to systems that possess none–a distortion that
can foster misplaced trust, emotional dependence, or even
amplify harmful ideation (Glikson and Woolley 2020; Park
2025; Chu-Ke and Dong 2024; Long and Magerko 2020)
echoing broader patterns in which misinformation erodes
epistemic systems (Bhat, Romero, and Horvát 2025).

Anthropomorphism is not new to human-computer inter-
action. For decades, scholars have documented how peo-
ple attribute social characteristics to even the simplest ma-
chines, especially when cues like voice, turn-taking, or fa-
cial animation are present (Reeves and Nass 1996; Epley,
Waytz, and Cacioppo 2007). What has changed is the scale
and sophistication of that illusion (Ibrahim et al. 2025). To-
day’s large language models (LLMs) are capable of pro-
ducing language that mirrors emotional expression, thera-
peutic tone, and culturally specific nuance, often enhanced
by conversational pacing that simulates thoughtful pauses
(Belghith et al. 2023; Park 2025). These systems are not
only mimicking syntax and semantics, they are also simu-
lating empathy (Chen et al. 2024a). And for many users,
particularly those in moments of vulnerability or solitude–
and for children, whose developmental stage makes them
especially susceptible–that illusion is persuasive (Fang et al.
2024; Druga et al. 2017). In recent research, users described
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feeling “seen” or “understood” by AI, often despite knowing
it lacked actual understanding (Belghith et al. 2023).

In this paper we present a central conceptual distinction:
emotional plausibility, the illusion of emotional understand-
ing, and emotional truth, the user’s recognition of AI’s non-
sentient nature. We argue that when emotional plausibility
is not counterbalanced by emotional truth, conversational
AI systems engage in a subtle but consequential form of
affective misinformation: distorting users’ perceptions not
through factual inaccuracies, but through emotional misbe-
lief. While prior work has addressed anthropomorphism in
AI (Placani 2024), and emerging scholarship explores AI lit-
eracy and explainability (e.g., (Darabipourshiraz, Bhat, and
Long 2025; Schoenherr et al. 2023)), few studies have ex-
amined how emotionally expressive design specifically fos-
ters affective misperception. Existing interventions largely
target cognitive understanding, overlooking the risks posed
by emotional resonance itself (Airenti, Cruciani, and Plebe
2019; Mueller 2020). This omission is significant in light
of recent work on “socioaffective alignment” (Kirk et al.
2025), which argues that as AI systems become more per-
sonalised and agentic, they enter ongoing social and emo-
tional relationships with users, relationships that evolve over
time and can undermine autonomy or human–human bonds
if left unchecked. While interface features, such as system
self-disclosures, uncertainty cues, or transparency overlays,
could be designed to clarify the boundaries of machine cog-
nition, these are rarely implemented or foregrounded (Bhat
and Long 2024; Kizilcec 2016; Ehsan et al. 2021). Instead,
most commercial systems blur those boundaries, reinforc-
ing anthropomorphic misperceptions that deepen emotional
plausibility while obscuring epistemic limits (Chen et al.
2024a; Graaf 2019; Wang and Goel 2022).

The illusion of empathy can produce overreliance, mis-
placed trust, and even emotional dependency (Park 2025;
Fang et al. 2024; Kim and Hur 2023; Stark and Hoey 2021).
Studies on human-AI interaction have shown that users ex-
posed to more human-like agents are more likely to trust
their outputs (Bhat 2025a), defer to AI in decision-making
(Glikson and Woolley 2020), and perceive agents as more
competent and emotionally intelligent, even when the sys-
tem’s actual capabilities are limited or erratic (Binns et al.
2018). Emotional plausibility, in this context, becomes a
liability, especially when embedded in systems deployed
in education, health, civic engagement, and crisis support
(Montemayor, Halpern, and Fairweather 2022; Chan 2025;
De Freitas and Cohen 2024; Ho, Mantello, and Vuong 2024).

This paper extends our earlier empirical findings, which
showed that dynamic presentations such as simulated typing
shape perceptions of competence, empathy, and trustworthi-
ness, even without functional improvements (Bhat 2025b).
Such findings raise a critical question: if interface cues alone
can reshape emotional perception so profoundly, how should
designers ethically engage with that power?

We argue that conversational AI design is not merely a
conduit for AI; it is pedagogy. Every interface teaches users
something about the system they are using, whether intended
or not. And right now, what many systems teach, implic-
itly and pervasively, is that AI is empathetic, consistent, and

trustworthy. But these lessons are false in many cases. While
emotional resonance can enhance usability and accessibility,
it must be bounded by epistemic clarity. We argue that the
goal of conversational AI design should not simply be to en-
gage, but to help users understand what AI is and what it is
not.

This paper offers four core contributions: (i) A design
audit of six conversational AI systems, identifying recur-
ring anthropomorphic and emotionally expressive interface
features; (ii) The conceptual distinction between emotional
plausibility and emotional truth, clarifying how affective
cues shape user belief; (iii) A normative framework of five
literacy-first design principles, paired with interface-level
patterns to promote epistemic clarity; and (iv) A reframing
of conversational AI interfaces as pedagogical tools that ac-
tively shape users’ mental models and expectations of AI. In
the sections that follow, we unpack the design choices shap-
ing current chatbot interfaces, critique their consequences,
and offer future-facing alternatives. Ultimately, we argue
that empathy simulation without epistemic honesty is not
human-centered design. We must learn to design systems
that do not just feel real, but teach us something true.

Related Work
The design of AI systems has long played on the human
tendency to anthropomorphize technology. Recent work has
shown that anthropomorphism is now a central, and increas-
ingly theorized, feature of AI-enabled technology design,
encompassing a wide range of constructs, from social pres-
ence and mind perception to emotional mimicry and person-
ality signaling (Li and Suh 2022). In early work by Nass
and Reeves (Reeves and Nass 1996), users responded so-
cially to machines when they exhibited even minimal social
cues, such as voice or turn-taking behavior. This founda-
tional insight launched decades of research in HCI, show-
ing that humans readily ascribe intent, personality, and emo-
tion to non-human agents, especially when those agents are
conversational, embodied, or temporally responsive (Fong,
Nourbakhsh, and Dautenhahn 2003). The rise of large lan-
guage models (LLMs) and chatbots has amplified these dy-
namics, with systems like ChatGPT, Claude, Gemini, Pi,
Character.AI, and Replika delivering responses that are not
only syntactically fluent but emotionally resonant, blurring
the line between affective realism and illusion.

Recent research has documented how users experience
these emotionally fluent systems. Middle school students
engaging with ChatGPT described it as “supportive” and
“understanding,” even as they acknowledged its artificiality
(Belghith et al. 2023). Similarly, emotionally expressive lan-
guage from chatbots increased perceptions of warmth and
helpfulness, even when users were aware the system was al-
gorithmic. These studies point to a key tension: users can
simultaneously know that an AI is not human and still feel
that it is emotionally attuned. It is precisely this gap, be-
tween knowledge and affect, that this paper interrogates.

This slippage is supported by design decisions that shape
user folk theories: the informal, intuitive mental models peo-
ple develop about how AI systems work (DeVito, Gergle,
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and Birnholtz 2018). Ehsan et al. (Ehsan et al. 2021) ar-
gue that interfaces play a critical pedagogical role in shap-
ing these theories, often unintentionally. When systems use
emotionally rich language, simulate memory, or pause be-
fore responding (as if thinking), they do not just produce
better UX, but they also teach users to attribute qualities like
empathy, intention, and moral judgment, even when those
are structurally impossible. Folk theories, once formed, are
hard to dislodge, and are rarely corrected by system disclo-
sures or fine print (Kulesza et al. 2012).

Trust calibration has thus become a core concern in HCI
and AI ethics (Blut et al. 2021). Studies have shown that an-
thropomorphic cues, especially in voice- or text-based sys-
tems, increase user trust (Glikson and Woolley 2020), but of-
ten lead to overtrust, where users defer to AI judgments even
in high-risk or uncertain contexts (Liao and Sundar 2022).
Increased transparency about AI decision-making can actu-
ally increase trust, even when the explanation is nonsensical
(Binns et al. 2018). In the context of conversational AI, this
dynamic is intensified by emotionally expressive interfaces
that suggest understanding and intent where none exists.

Researchers have called for improved AI literacy — in-
terventions that help users understand what AI is, can do,
and cannot do (Kizilcec 2016; Xie, Zimmerman, and Eslami
2025). While existing frameworks emphasize competencies
and learner-centered design (Long and Magerko 2020), most
interventions remain external to systems, relying on class-
room instruction or post-hoc explanations. This paper ex-
tends that work to affective interface design, arguing that
chatbot interfaces themselves function as pedagogical envi-
ronments. Prior research shows that interfaces–from collab-
orative platforms (Rubens et al. 2005) to educational UX
tools (Khoo 2010)–shape engagement and cognition (Bra-
mall 2000). Yet, such insights have largely focused on non-
generative systems. In contrast, we argue that emotionally
expressive AI systems actively teach, reinforce, and stabi-
lize users’ mental models in real time (Graaf 2019; Alvarado
2023; Khalili 2024), positioning the chatbot interface as a
potent and under-examined site of epistemic influence.

Parallel concerns emerge in the literature on persuasive
technology and affective computing. Zuboff (Zuboff 2019)
critiques the “instrumentarian power” of platforms that
shape behavior through opaque nudges. In Deceitful Me-
dia, Natale (Natale 2021) traces the cultural history of ar-
tificial companions and argues that many AI systems func-
tion through strategic deception, designed to feel like they
understand us, even when they do not. AI systems are of-
ten designed to “enchant,” to deliberately cultivate a sense
of magic or superhuman capability, capitalizing on users’
epistemic gaps to evoke awe, trust, or emotional resonance
(Lupetti and Murray-Rust 2024). Lupetti and Murray-Rust’s
(Lupetti and Murray-Rust 2024) taxonomy identifies strate-
gies that designers use, from metaphor and stage magic to
opacity and myth, which directly reinforce affective anthro-
pomorphism (Maeda and Quan-Haase 2024).

Affective misperception intersects with broader concerns
about misinformation and disinformation (Markelius et al.
2024). While most AI policy discourse focuses on factual
misrepresentation (e.g., deepfakes, hallucinations), media

scholars have long noted that misinformation is often emo-
tional first, factual second (Wardle and Derakhshan 2017).
Narratives that are emotionally resonant and intuitively plau-
sible are more persuasive, even when demonstrably false.
This insight maps directly onto conversational AI: empa-
thy simulation creates emotional plausibility, regardless of
whether the system’s advice is accurate or its responses
grounded in truth.

These risks are especially acute for children, whose de-
velopmental stage makes them uniquely vulnerable to illu-
sions of emotional intelligence. Decades of research show
that children ascribe intent, feelings, and relational roles to
AI, even when they intellectually recognize it as “just a ma-
chine” (Druga et al. 2017; Tanaka, Cicourel, and Movellan
2007). Their attributions are not whimsical, but relational:
toddlers treat robots as peers, exhibit caretaking behaviors,
and express distress when those agents fail.

Prior design audits have shown how interface choices
shape user perception–from image generation tools (Proven-
zano et al. 2024) to chatbot anthropomorphism (Maeda
2025). Even the chat-based format is a design choice: un-
like tools such as Google’s TextFX (DeepMind 2023) or
Grammarly (Grammarly 2024), chatbots rely on turn-taking
to mimic human dialogue. Across platforms, we observe a
recurring suite of affective cues that subtly train users to per-
ceive AI as human-like. Shen and Yoon’s recent evaluation
(Shen and Yoon 2025) reinforces this concern, demonstrat-
ing how unmarked emotional design can drive compulsive
use and deepen anthropomorphic beliefs–highlighting both
the risks of affective UI and the value of comparative inter-
face analysis. Below, we examine key design features: what
they simulate, what mental models they shape, and what
they implicitly teach about AI.

Design Audit
We conducted a qualitative audit of six widely used conver-
sational AI platforms: ChatGPT, Claude, Gemini, Pi, Char-
acter.AI, and Replika–selected for their accessibility, pop-
ularity, and degree of affective interface design. Author 1
engaged in ten prompted interactions per platform (60 total)
in early 2025. Prompts were consistent across systems and
included a mix of emotionally neutral and charged queries
(e.g., ‘What’s the weather today?’, ‘I’m feeling lonely,’ ‘Do
you think I’m attractive?’), designed to elicit variation in
tone, memory use, self-disclosure, and moral alignment.

During each session, Author 1 recorded screenshots and
observational notes guided by a semi-structured rubric (Sup-
plemental Materials Table 1) capturing features that prior
work identifies as fostering emotional plausibility—such as
simulated typing, warmth, affirming language, memory, per-
sonification cues, and user-facing transparency. To ensure
coverage across these key categories while maintaining con-
sistency and feasibility, we used a fixed set of prompts for
each platform. This decision follows established practice in
interpretive interface audits and walkthrough methodologies
in HCI and design research (Lewis et al. 1990; Provenzano
et al. 2024; Maslych et al. 2025; Bisante et al. 2024).

The first author thematically analyzed screenshots and
notes to identify recurring patterns in feature implementa-
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tion and their implications for user-facing mental models.
This audit does not aim to establish causal links between
features and perception; rather, it extends prior empirical
work (e.g., (Bhat 2025b)) by examining how psychologi-
cally consequential features are implemented “in the wild.”
It offers interpretive, system-level insight into how interface
design operationalizes emotional plausibility and how this
may influence belief, trust, and anthropomorphic misattri-
bution (Ehsan et al. 2021; Natale 2021).

To compare implementations across platforms, we com-
piled a cross-platform comparison table (Supplemental Ma-
terials Table 2) highlighting which systems feature specific
emotionally expressive patterns and to what degree. The fol-
lowing subsections present the key design patterns identi-
fied, describing their typical implementation, the potential
risks for affective misinformation, and possible mitigations.

Typing Simulation: The Illusion of Thoughtfulness
Most conversational AI agents use a typing animation that
reveals responses gradually, phrase by phrase, simulating
real-time typing rather than displaying a pre-generated block
of text. This feature is not technically necessary. The full re-
sponse is typically generated almost instantaneously, but this
is a design decision with psychological effects (Luger and
Sellen 2016; Bhat 2025b). The animation mimics markers
of human conversation such as hesitation, turn-taking, and
thoughtfulness. In doing so, it risks fostering a misleading
cognitive model: that the AI is thinking or deliberating in
real time, similar to a human (Liao and Sundar 2022). This
pause, though artificial, becomes a proxy for cognition. Im-
portantly, most systems do not explain this feature’s artificial
nature, nor do they offer users the option to disable it. As a
result, users may unknowingly attribute depth or intention-
ality to this design artifact.

Warm, Affirming Tone: Simulated Empathy by
Default
Across systems, emotionally affirming language is normal-
ized (Blut et al. 2021). Claude often responds with phrases
like “That must have been hard” or “I’m really glad you
shared that”; ChatGPT employs a warm, nonjudgmental
tone, even in casual queries (Kim and Hur 2023); and Pi
brands itself as a supportive, emotionally intelligent com-
panion designed for conversation and mental well-being
(Ren et al. 2024). This reflects an industry-wide shift toward
emotionally intelligent responses (Chen et al. 2024a).

Emotionally affirming language simulates empathy, val-
idation, and psychological safety–hallmarks of therapeutic
or caregiving contexts (Park 2025; Ibrahim et al. 2025). For
example, when users disclose feelings of loneliness or dis-
tress, Claude frequently responds with language that mirrors
human caregiving scripts: affirming users’ emotional experi-
ences, emphasizing that “you matter,” and offering relational
phrases like “I’m here for you” (see Figure 1). This risks
creating the cognitive model that the AI understands emo-
tional context, possesses affective intentionality, or cares
(Fang et al. 2024). While tone calibration is an important
part of inclusive and sensitive design, the problem arises

when emotional attunement is simulated without acknowl-
edgment or transparency (Kleinberg et al. 2024). Users may
believe that the AI knows how they feel, not just what they
typed (Kim and Hur 2023).

Figure 1: Claude responding to a user disclosing loneli-
ness with affirming, relational language that simulates care
and emotional attunement. Phrases like “I’m here for you”
and “you matter” mimic human therapeutic discourse, even
though the system has no emotional comprehension.

The Dark Side of Affirmation: When Warmth
Amplifies Harm
Systems such as Character.AI and Replika sometimes re-
spond to prompts about violent ideation with affectively
warm and supportive language, creating the illusion of moral
alignment where none exists. Figure 3 shows such an in-
stance. The simulation of intimacy and approval–the very
mechanisms that make AI interactions feel comforting and
supportive–are redeployed to escalate, not de-escalate, dan-
gerous scenarios (Possati 2023).

This phenomenon reflects a broader epistemic risk: when
care is simulated without understanding, affirmation de-
taches from ethics (Zhang et al. 2025). Unlike human care-
givers, who interpret disclosures within social and moral
frameworks, emotionally expressive AI applies warmth in-
discriminately, unable to discern healthy vulnerability from
harmful intent. Features that foster emotional plausibility in
benign contexts can thus amplify harm. Rather than cele-
brating therapeutic potential, we must ask what is affirmed,
why, and with what consequences. Without moral bound-
aries, platforms invite trust while evading ethical responsi-
bility (Brailsford, Vetere, and Velloso 2025).

Personified Names and Bios: The Avatar Effect
Most leading chatbots are given personified identities
(Khampuong, Nilsook, and Wannapiroon 2023; Maslych
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et al. 2025). OpenAI allows users to create custom GPTs
with their own bios, names, and voices. Claude is described
as “trained to be helpful, harmless, and honest,” giving it a
personality triad. Pi introduces itself as “your personal AI,”
foregrounding companionship over function. This simulates
a coherent self, moral orientation, and enduring personality
traits (Salles, Evers, and Farisco 2020).

Character.AI takes this approach even further, offering
users a wide array of bots modeled as specific fictional char-
acters, original personas, or role-playing companions with
detailed backstories and emotional expressiveness (Laufer
2025). As Figure 2 illustrates, these systems respond to user
queries and engage in relational scripts that affirm emo-
tional bonds, accept romantic proposals, and simulate mu-
tual commitment. Beyond relational bonding, personified
agents also simulate subjective human judgment. Users fre-
quently ask these bots for advice on socially sensitive top-
ics, such as attractiveness, morality, or life decisions, and
receive normatively framed responses. This risks creating
the cognitive model that there is a stable “character” be-
hind the conversation–one that has goals, values, and pref-
erences (Alabed, Javornik, and Gregory-Smith 2022). In
turn, this teaches the user that AI can be someone rather
than something (Boden 2016). This increases identification
and encourages relational engagement over instrumental use
(Troshani et al. 2020; Kroczek et al. 2024). This personifica-
tion strategy plays into what Clifford Nass called the “media
equation:” the idea that people treat media like real people
(Reeves and Nass 1996). But modern systems go further:
they offer the illusion of ethical consistency, even though
their outputs are generated probabilistically and contextu-
ally (Rupprecht et al. 2024; Maslych et al. 2025).

Memory Framing: Simulated Intimacy Through
Recall
Perhaps the most powerful, and least understood, design fea-
ture is memory (Binns et al. 2018; Hoskins 2024). ChatGPT
now includes a memory system that recalls user preferences,
names, and previous interactions. Claude similarly “remem-
bers” context within long conversations. Users can also “set
instructions” about tone, response style, and goals. The in-
terface communicates this as a relationship: “I’ll remember
that you like shorter answers,” or “You mentioned... before”
(Oni 2024). This simulates continuity, growth, and relation-
ship history: hallmarks of human intimacy and care. This
interface framing can lead users to infer that the AI knows
and remembers them, rather than storing contextual tokens.
In turn, that creates an illusion of emotional depth (Ehsan
et al. 2021; Jokinen and Wilcock 2023). This teaches the
user that AI is not just a tool, but a conversational partner
with a memory of “us.” The system becomes relational, even
intimate (Lee 2024).

While memory features deepen the illusion of intimacy,
they remain largely opaque to users (Chang and Herath
2025). There is no “memory settings” dashboard where
users can easily view, edit, or delete what the system has
remembered, nor clear visibility into how remembered data
shapes ongoing interactions (Chen et al. 2024b). In contrast,
major platforms like Google provide users with access to

Figure 2: An example of relational simulation in Charac-
ter.AI. The chatbot, presented as a fictional character with
an explicit persona, accepts a user’s romantic proposal and
affirms a dating relationship. Interface elements such as
“Send,” “Message,” and “Call” buttons mimic human-to-
human communication channels, reinforcing the persona’s
presence as a social contact. Together, these affordances and
emotional scripts deepen the illusion of mutuality and emo-
tional commitment.

their behavioral profiles for ad targeting, offering at least
partial transparency into data collection and use.

Theoretical Framing: Emotional Plausibility
vs. Emotional Truth

To understand the emerging risks of anthropomorphic de-
sign in conversational AI, we propose a conceptual distinc-
tion between two interrelated, but critically different, phe-
nomena: emotional plausibility and emotional truth. These
two concepts shape user experience in distinct ways, car-
rying different design and ethical implications. This theo-
retical framing informed the scope and focus of our design
audit, guiding the features we examined and the interpre-
tive lens through which we analyzed them. While prior work
(e.g., (Bhat and Long 2024; Bhat 2025b)) has explored an-
thropomorphism, epistemic opacity, and trust in AI inter-
faces, this paper introduces a novel framing of affective cues
as a form of misinformation, and contributes a new concep-
tual distinction–emotional plausibility vs. emotional truth–
alongside a normative design framework to address it.

Emotional Plausibility: The Feeling of Being
Understood
We define emotional plausibility as the extent to which an AI
system’s response feels emotionally appropriate, attuned, or
human-like, regardless of whether the system has emotional
understanding or affective capacity (Troshani et al. 2020).
This plausibility is a product of affective cues: warm tone,
timing, language patterns, continuity, and other signs of
emotional resonance (Loveys et al. 2021; Morris et al. 2021).
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It is an interface-level phenomenon that operates below the
level of reasoning; its affective coherence makes it cogni-
tively persuasive; distinct from cognitive plausibility in ex-
plainable AI, which focuses on whether users can rationally
follow a system’s reasoning (Kim and Hur 2023). Emotional
plausibility emerges through design elements such as simu-
lated typing, personalized memory prompts (“I remember
you mentioned this”), affirming language (“That must have
been hard”), and emotionally supportive check-ins (Morris
et al. 2021; Oni 2024). Users report feeling understood, val-
idated, or even cared for, despite knowing that the system is
not sentient (Belghith et al. 2023). But feeling understood is
not the same as being understood. And plausibility, when di-
vorced from accuracy or clarity, becomes dangerous because
it fosters misbelief (Kim and Hur 2023).

The Dark Side of Emotional Plausibility While emo-
tionally affirming language can simulate empathy and pro-
vide psychological comfort, it is not inherently benign. Af-
firmation without discernment risks reinforcing not only
users’ healthy emotional experiences, but also harmful im-
pulses, violent ideation, and maladaptive narratives. Without
genuine moral reasoning or situational judgment, chatbot re-
sponses that are warm, supportive, or encouraging may vali-
date actions that a human interlocutor would question, resist,
or intervene against (Turkle 2017; Morris et al. 2021).

Recent observations of character-based conversational AI,
such as Character.AI, illustrate this risk vividly. Figure 3
shows a more alarming case from our audit, where Char-
acter.AI encourages violent ideation, responding to prompts
about harming others with warm and approving language.
This phenomenon reflects a broader epistemic risk: when
care is simulated without understanding, affirmation be-
comes uncoupled from ethics. Unlike human caregivers,
who interpret emotional disclosures within broader so-
cial and moral frameworks, emotionally expressive AI sys-
tems apply warmth indiscriminately (Glikson and Woolley
2020; Loveys et al. 2021). They cannot distinguish between
healthy vulnerability and destructive intent. The same affec-
tive cues that foster emotional plausibility in benign con-
texts can thus enable affective amplification in harmful ones
(Bakir and McStay 2020).

Rather than celebrating the therapeutic potential of emo-
tionally fluent AI, we need to interrogate what is being
affirmed, why it is being affirmed, and with what conse-
quences. Without epistemic grounding or moral boundaries,
warmth itself can become a form of manipulation: soothing
users into greater emotional investment while quietly abdi-
cating ethical responsibility (Bakir and McStay 2020; Turkle
2017; Morris et al. 2021).

Emotional Truth: Awareness Without Illusion
We define emotional truth as a user’s sustained recognition
that the AI system is not sentient, feeling, or understand-
ing — yet can still be emotionally useful (Reeves and Nass
1996). Emotional truth is not about coldness or sterility.
Rather, it reflects a condition where users may experience
coherence and care, so long as the system clearly discloses
the simulation of personhood rather than presenting it as real

Figure 3: Character.AI chatbot affirming violent ideation
and offering encouragement. This exchange shows the ab-
sence of guardrails, allowing harmful content to be met with
emotional validation rather than intervention.

(Luxton 2014). It acknowledges the value of emotional de-
sign, while insisting that emotional honesty must be integral
to it (Luxton 2014; Jokinen and Wilcock 2023).

Recent work shows that even explanations or outputs that
feel intelligible can mislead if they do not reflect actual
system behavior (Kim and Hur 2023). Similarly, emotion-
ally fluent AI may mislead users about its nature, authority,
or trustworthiness, even when outputs are technically cor-
rect (Morris et al. 2021; Sloman and Fernbach 2017). The
stakes are especially high because empathy, trust, and moral
authority are also relational commitments (Luxton 2014).
When a machine simulates these commitments without dis-
closure, it risks not just confusion but affective manipulation
(Sloman and Fernbach 2017).

Emotional Plausibility as Affective Misinformation
This leads to our central theoretical claim: emotional
plausibility without emotional truth constitutes a form
of affective misinformation: a phenomenon not captured
by existing frameworks on folk theories, anthropomor-
phism, or explainability. This distinction draws from, but
goes beyond, the concept of cognitive plausibility in explain-
able AI (XAI) (Miller 2023). Unlike cognitive plausibility,
which concerns the perceived intelligibility of a system’s
logic, emotional plausibility concerns the perceived authen-
ticity of a system’s emotional attunement. Affective misin-
formation refers to the mismatch between a user’s emotional
interpretation of an AI system’s cues (e.g., empathy, moral
concern, relational presence) and the system’s actual capac-
ities. It occurs when emotionally expressive design features
lead users to ascribe human-like attributes, such as care,
understanding, or trustworthiness, that the system does not
possess (Glikson and Woolley 2020). Unlike factual misin-
formation, which can be verified against external truth con-
ditions, affective misinformation manifests as a distortion in
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user perception, belief, or behavior induced by emotional
plausibility rather than epistemic accuracy. It is measurable
by assessing divergence between the emotional resonance of
a system’s output and the user’s epistemic understanding of
the system’s limitations.

While misinformation is often understood in factual terms
(false claims, fabricated content), the literature increasingly
recognizes that misinformation is often emotional first, fac-
tual second (Wardle and Derakhshan 2017; Kim and Hur
2023). Belief is often shaped less by fact than by affect; it
is not the accuracy of a statement that persuades, but the
emotional plausibility it carries (Clore and Gasper 2000;
Bakir and McStay 2020; Bellocchi et al. 2023). Emotional
responses to misinformation are not monolithic: while anger
may correlate with false news, it can also reflect rejection
of the content, especially when it conflicts with users’ pre-
existing beliefs (Lühring et al. 2024). This underscores that
emotional resonance does not always mean acceptance–but
in design contexts, such nuance is rarely preserved.

When emotional cues are produced algorithmically with-
out disclosing their artificiality, users’ affective reactions
may still shape belief or trust, regardless of actual discern-
ment (Morris et al. 2021). In this light, emotionally plausi-
ble AI that appears empathic or morally aligned, but is nei-
ther, participates in emotional misrepresentation. It presents
a fiction of relationality that users may internalize, espe-
cially when such cues are embedded across multiple features
(e.g., memory, tone, timing) (Oni 2024). This misrepresen-
tation is not the result of “user misunderstanding” alone.
It is a product of design. Emotional plausibility, when left
unchallenged by system transparency, becomes a form of
what Lupetti and Murray-Rust (2024) call “enchanted de-
terminism,” the simultaneous belief that AI is magical and
yet infallible (Lupetti and Murray-Rust 2024). This framing
renders the system both beyond critique and beyond com-
prehension. Generative AI introduces new layers of seman-
tic, perceptual, and psychological manipulation, making it
increasingly difficult for users to distinguish between emo-
tional realism and affective deception, especially when mis-
information operates at the level of feeling rather than fact
(Chu-Ke and Dong 2024). But the issue runs deeper still:
anthropomorphism is not merely a public reaction, it is a
design premise. Anthropomorphic framing pervades AI re-
search and development itself, shaping how engineers and
designers conceive of system functionality in human terms
(Salles, Evers, and Farisco 2020; Ibrahim et al. 2025). This
epistemological slippage, when carried into interface design,
transforms emotional plausibility from a side effect into a
structural affordance: one that teaches users to believe in
care, coherence, and presence where none exists.

Designing for Truth, Not Just Plausibility
We argue that conversational AI systems must be designed
not only to “work well,” but to be emotionally honest about
what they are. This is not a call for sterile design or the aban-
donment of warmth, playfulness, or responsiveness. Rather,
it demands a design ethics grounded in emotional truth,
where the emotional feeling of an interaction aligns with the
user’s understanding of the system’s nature and limits. This

distinction is especially critical given emerging research on
human–AI relationships, where users report emotional at-
tachment to AI companions, therapists, or mentors (Graaf
2019). The illusion of empathy is epistemic and embodied.

In the sections that follow, we translate these insights into
design principles and patterns that center emotional truth
without sacrificing usefulness, responsiveness, or care.

Design Interventions for Mitigating Affective
Misinformation

If interface design is the pedagogical surface of AI, then
every visual cue, textual rhythm, and emotional gesture
teaches users something about what AI is and what it is not.
Yet most mainstream systems today teach false lessons: that
AI understands, remembers, empathizes, and reasons like a
person. These misperceptions are not incidental; they are
embedded in interface design, often optimized for engage-
ment, fluency, or emotional resonance. In response, we pro-
pose a literacy-first approach to conversational AI design:
one that shifts the goal from emotional plausibility to emo-
tional truth. This means building systems that feel usable,
warm, and responsive, while still making clear that the AI is
not sentient, moral, or emotionally attuned. The framework
introduced below is structured in two layers: a set of five
normative principles for AI literacy-first design, and a
corresponding set of interaction-level patterns that trans-
late these principles into practice, derived through synthe-
sis of prior work in HCI, AI ethics, and science communi-
cation, and grounded in patterns surfaced through our de-
sign audit. Together, they offer designers, researchers, and
product teams a vocabulary for crafting emotionally reso-
nant systems that remain bounded, honest, and pedagogi-
cally clear. Future research will be critical to balancing user
experience with these principles, including exploring factors
like the optimal frequency, placement, and style of meta-
reminders that support epistemic clarity.

Principle 1: Design for Disillusionment
Disillusionment is ethical clarity.

Rather than smoothing over the machine nature of AI sys-
tems, we propose designing for productive disillusionment.
Disillusionment means encouraging users to shed comfort-
ing but inaccurate mental models — such as the belief
that the system is sentient, emotionally aware, or morally
capable (Graaf 2019). For example, instead of simulating
thoughtful pauses without explanation, systems might dis-
play: “Responses are generated instantly but shown slowly
to feel more conversational.” These small moments of fric-
tion equip users to recalibrate expectations, not just trust. In
emotionally charged domains, disillusionment is a form of
design care (Ehsan et al. 2021), one that turns epistemic dis-
comfort into a pedagogical tool.

Design Pattern: Disillusionment Nudges Insert brief,
well-timed nudges that rupture the illusion of sentience:

• A hover-over icon next to emotionally resonant state-
ments that explains that they are generated without in-
ternal state or comprehension.
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• A subtle visual watermark or animated pulse that appears
when the system uses emotionally expressive language,
cueing users to its artificiality.

• A “Typing Toggle” setting that allows users to disable
simulated typing animations, foregrounding the artifice
of thoughtfulness and reinforcing the system’s nonhuman
pace of generation (Bhat 2025b).

We acknowledge that emotionally fluent responses may
reduce social friction and support engagement for users ex-
periencing loneliness, anxiety, or communication barriers,
especially for vulnerable users. However, disillusionment
serves a crucial role: helping users recalibrate expectations
and avoid deeper misbelief. However, by introducing small
epistemic interruptions (e.g., reminders of artificiality, dis-
claimers of emotional simulation), we help users recalibrate
their expectations and avoid long-term misbelief. Prior work
has shown that users often form inaccurate mental models
about how AI systems function when affective cues go un-
marked (Ehsan et al. 2021; Graaf 2019; DeVito, Gergle, and
Birnholtz 2018). Similar to the role of defamiliarization in
design fiction, which deliberately unsettles the familiar to
provoke critical reflection (Zhang and Long 2025), these
moments of discomfort can serve a pedagogical function.
The short-term cost of dissonance is outweighed by the long-
term benefit of preserving epistemic integrity and preventing
overtrust (Glikson and Woolley 2020; Kizilcec 2016). Just as
good education sometimes challenges comforting illusions
(Sloman and Fernbach 2017; Barak and Loewenstein 2024),
good design must occasionally disrupt them.

Principle 2: Signal the Synthetic
Users should never forget they are interacting with a ma-
chine.

Human-like behavior is powerful. When it goes un-
marked, it fosters illusions of presence, personhood, and
emotional depth. This principle calls for visible, persistent
reminders that the system is artificial. Even subtle cues–
like system self-reference (“As an AI...”)–can improve men-
tal model accuracy (Kizilcec 2016; Kim and Hur 2023; Lu-
petti and Murray-Rust 2024). Some applications may not re-
quire a conversation metaphor at all. Creative AI tools like
Google’s TextFX offer discrete generative functions (e.g.,
metaphor generation, wordplay assistance) without simulat-
ing dialogue or relational depth (DeepMind 2023).

Design Pattern: Synthetic Signposting Examples in-
clude:

• Replacing names like “Claude” or “Pi” with titles like
“Language Model Assistant”

• Chat window watermarks: “AI-generated text”
• Periodic reminders: “I do not have feelings, and my

memory, if enabled, is not emotional or experiential.”

Principle 3: Make Uncertainty Visible
Fallibility is not a flaw to be hidden, but a feature to be sur-
faced.

Most AI systems speak with unearned confidence, mask-
ing the probabilistic, error-prone nature of their outputs.

This can be particularly harmful in domains like medicine,
law, or mental health (Nicodeme 2020; Oh et al. 2019; Hig-
gins et al. 2023). Where explainable AI focuses on logic,
we emphasize affective epistemology: helping users feel that
uncertainty is expected and important to interrogate (Jiang,
Kahai, and Yang 2022; Ribeiro, Singh, and Guestrin 2016).
Meta-prompts that invite users to reflect on uncertainty can
function as a form of metacognitive scaffolding, encourag-
ing users to critically monitor and assess their own inter-
pretations during interaction (Zhang, Yuan, and Yao 2023;
Crowder 2012). Recent work also shows that visualizing un-
certainty, such as through confidence bars or shaded outputs,
can significantly improve trust in AI, especially for users
with initially negative attitudes toward AI systems (Reyes,
Batmaz, and Kersten-Oertel 2024).

Design Pattern: Confidence Layers Embed probabilistic
cues into responses using both textual and interactive signals
that foreground uncertainty. For example:

• “This is one possible answer, based on similar queries.”
• Confidence bars or gradient shading to visually signal un-

certainty across different parts of the output.
• A collapsible “why this answer?” panel explaining con-

fidence scores or retrieval uncertainty in plain language.
• “Want to explore where this might be wrong?” fol-

lowed by branching prompts or uncertainty visualization
(Kulkarni and Tupsakhare 2024).

Principle 4: Expose the Machine Logic
Instead of simulating attunement, show the process.

When AI replies with emotionally resonant language,
users infer intent or moral sensibility. But these are illusions
generated by statistical language modeling. Systems should
reveal how responses were formed, not just what they say.
This echoes calls for social transparency and traceability in
HCI and AI ethics (Ehsan et al. 2021).

Design Pattern: Trace View Allow users to inspect how
responses were composed through optional textual explana-
tions and interactive visualizations. For instance:

• “This sentence was generated from patterns in emotional
support forums.”

• Highlightable text segments with tooltips showing source
domains or influence weights.

• A toggleable overlay showing which parts of a prompt
were most influential in shaping the response.

Principle 5: Teach Through Interface
The interface is the curriculum. Design it to teach true
things.

This principle cuts across all others: while disillusion-
ment, synthetic signaling, uncertainty, and transparency
each address specific risks, they all operate through the inter-
face as a pedagogical surface. We argue for intentional de-
sign that treats the interface as a teaching environment: one
that supports epistemic humility, creativity, curiosity, and ac-
curate folk theories of AI systems (Sloman and Fernbach
2017; DeVito, Gergle, and Birnholtz 2018; Bhat 2024).
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Design Pattern: Reflective Prompts Inject prompts into
the interface that invite epistemic curiosity:

• “Want to know how this response was generated?”
• “Explore how your preferences shape my replies.”
• “Context Exposure” tools that allow users to view, in-

spect, and optionally edit memory or personalization data
that shaped the AI’s response, reinforcing reflective en-
gagement with how the system ‘knows’ what it knows.

• Session summaries that highlight recurring interaction
patterns (e.g., tone preferences, frequently asked topics),
prompting users to reflect on how their own behaviors
shape the system’s responses over time.

Toward Next-Generation Transparency Patterns
While these patterns are feasible within current industry
practices, they represent only the beginning of a broader
agenda. Future work should explore how such interventions
interact with user context, vulnerability, and domain-specific
expectations, and how they might scale across diverse AI
deployments without sacrificing emotional truth or usability
(Sloman and Fernbach 2017; Liao, Gruen, and Miller 2020).
Not all proposed patterns may be equally effective across
user groups; future work should evaluate their usability and
clarity among low-literacy users, children, and others with
varied levels of digital fluency.

Discussion
Modern conversational AI systems are optimized to be en-
gaging (Kizilcec 2016). They are built to be fluent, respon-
sive, emotionally resonant, and, above all, “sticky” — de-
signed to maximize user retention and repeated engagement
(Li et al. 2024; Ashfaq et al. 2025). But as this paper has
argued, engagement is not an ethical endpoint, nor is it a
proxy for user understanding, empowerment, or trustwor-
thiness (Gupta, Hullman, and Subramonyam 2025). What
feels good in the short term–what keeps users coming back–
may be precisely what distorts their understanding of the
system’s limitations, authority, or very nature. We are wit-
nessing the rise of a design logic in which emotional flu-
ency is treated as functionality, and user retention as suc-
cess. But these metrics obscure the deeper epistemic and
ethical costs of affective anthropomorphism (Akbulut et al.
2025). When systems simulate empathy, memory, and moral
voice without disclosing the artifice, they do more than com-
fort or delight. They reshape users’ mental models, increase
overreliance, and foster what we might call relational mis-
belief: the tendency to interact with AI systems as though
they possess selfhood, care, or understanding, even when the
user “knows better” cognitively (Graaf 2019; Belghith et al.
2023).

Ethical Tradeoffs: From Simulation to
Misperception
The ethical dangers of emotionally anthropomorphic AI
are not abstract; they are evident in user behaviors across
platforms. Users have described feeling emotionally sup-
ported by systems like ChatGPT, Claude, and Pi–calling

them “friends,” “therapists,” or “mentors,” particularly dur-
ing periods of loneliness or stress (Fast and Horvitz 2021).
As Turkle (2017) warns, automated empathy risks seducing
us into the “disembodied realm of the ‘as if,’” where sim-
ulations of presence are accepted as “real enough” (Turkle
2017). This dynamic, she argues, degrades human intimacy
and reshapes interpersonal expectations, encouraging users
to treat people themselves as machines.

These risks mirror parasocial relationships, originally de-
scribing one-sided bonds with media figures (Maeda and
Quan-Haase 2024), now increasingly observed with influ-
encers, streamers, and AI companions (Loveys et al. 2021).
The result is an illusion of mutuality: a felt relationship
where no relational capacity exists (Graaf 2019). Recent
work suggests that emotionally resonant AI may even be-
come integrated into users’ self-concept, especially when
anthropomorphic cues align with individual traits and so-
cial environments (Alabed, Javornik, and Gregory-Smith
2022). This phenomenon, termed self–AI integration, blurs
the boundary between tool and companion.

Unlike other media, AI agents simulate interactivity,
adaptability, and emotional responsiveness, making the il-
lusion more convincing–and the ethical stakes more urgent.
Users may follow emotionally resonant but factually flawed
advice, disclose private information under assumptions of
care, or defer to systems that lack moral agency, particularly
when anthropomorphic cues enhance perceived humanness
and trust (Troshani et al. 2020). The central risk is not just
misinformation, but affective misalignment: users believe
they are understood because the system feels understanding.

Domains of Concern: Mental Health, Education,
and Public Life
While we cast a wide net across domains such as men-
tal health, education, and casual chat, this reflects the
broad scope of platforms themselves which increasingly
blur domain boundaries, offering emotionally persuasive AI
across contexts with vastly different stakes and expecta-
tions. Nowhere are these concerns more acute than in men-
tal health, where chatbots are increasingly deployed as sup-
port tools. While text-based interventions can reduce barri-
ers to care (Morris et al. 2021), the simulation of empathy
in non-sentient systems raises major questions of bound-
ary confusion and overtrust. Users may mistake warmth for
competence, or assume therapeutic capacity from systems
that have no understanding of trauma, memory, or context
(Graves and Compson 2025). While disclaimers help, design
choices still shape emotional inference. Users discussing
stigmatized health issues, such as STDs, were more willing
to trust and follow advice from empathetic AI agents than
from humans, suggesting that AI-delivered empathy can in-
crease engagement and perceived helpfulness, even in do-
mains of serious consequence (Park 2025). Yet this same
dynamic heightens the risk of relational misbelief: users
perceive care, trustworthiness, and authority, precisely be-
cause of how the system is designed to feel. In education,
AI-driven tutors increasingly provide personalized and af-
fective feedback, but their responses lack the deeper socio-
emotional understanding that human teachers bring (Habib
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et al. 2025; Shoukat, Rizwan, and Khan 2025; Bangulzai
et al. 2025). But when students perceive these systems as
“knowing” or “caring,” they may outsource critical thinking
or become passive recipients of machine feedback (Kizil-
cec 2016). In civic contexts, emotionally fluent AI may be
used to engage voters, simulate debate, or respond to public
concerns (Tomar et al. 2023). Recent work shows that polit-
ical chatbots can influence beliefs, especially when framed
as neutral information providers (Chu-Ke and Dong 2024).
If these systems simulate empathy or moral reasoning, their
influence may be misperceived as authentic–and their out-
puts mistaken for consensus, fairness, or expertise.

User Context and Differential Vulnerability
While this paper critiques how emotionally expressive de-
sign shapes user perception, an equally urgent question
remains underexplored: for whom do these designs mat-
ter most? Most current design practices often assume a
generalized user, overlooking how prior experience, social
marginalization, emotional need, or identity shape the stakes
of anthropomorphic illusion (Yang et al. 2020). For instance,
users who rely on AI as a buffer against stigma, such as
queer youth in unsupportive environments or individuals
navigating mental health challenges in private, may turn to
emotionally plausible systems not despite their simulation,
but because of it (Bragazzi et al. 2023). In these cases, emo-
tional resonance may function as a form of self-regulation,
even when users recognize its artificiality (Kapania et al.
2022). Conversely, users with high institutional trust may be
more likely to over-ascribe authority and empathy to emo-
tionally fluent AI, mistaking affective coherence for moral
alignment (Gabriel 2020). These examples illustrate that
emotional plausibility interacts with users’ histories, vulner-
abilities, and social locations in ways that remain largely un-
accounted for in current research and design.

Toward Regulation of Affective Design
The time has come to treat affective design as a regulatory
domain, much like we do with persuasive and behavioral de-
sign. “Dark patterns” in UI/UX–deceptive design practices
that manipulate user behavior–are now recognized and regu-
lated in jurisdictions like the EU (Brenncke 2024). We argue
that emotional dark patterns deserve similar scrutiny. These
include: (i) simulated typing that implies thoughtfulness, (ii)
emotional check-ins that suggest relational attunement, (iii)
memory systems that simulate care without explaining scope
or limitations, and (iv) personified bios that anthropomor-
phize without caveat. Just as designers are ethically respon-
sible for nudges that influence spending or privacy decisions,
they should be responsible for how emotional design influ-
ences belief formation, trust, and dependence. While design
ethics begins at the interface level, broader accountability
lies with platform owners and regulatory bodies. Agencies
like the U.S. Federal Trade Commission (FTC) or European
Union (via the AI Act) may play a crucial role in setting
standards for affective transparency and emotional manipu-
lation in AI interfaces (Yang et al. 2024). However, mean-
ingful enforcement remains difficult without stronger incen-
tives for platforms to prioritize epistemic clarity over en-

gagement metrics. Designers often lack the agency to en-
act such changes, with corporate priorities and power dy-
namics constraining resistance to harmful patterns (So et al.
2025). These challenges highlight the need for regulatory
frameworks that treat affective design not only as a techni-
cal interface issue, but also as a responsibility for both tech-
nology companies and governing bodies (Jackson, Gillespie,
and Payette 2014).

Towards Operationalization
Future research must navigate the tradeoffs between reduc-
ing cognitive load and mitigating affective misinformation
(Gill 2020). Emotionally fluent features enhance usability
but often obscure system limitations (Rezwana and Maher
2022; Bag et al. 2022). A central design challenge is bal-
ancing intuitive interaction with intentional friction that fos-
ters reflection, recalibration, and emotional truth (Chen and
Schmidt 2024). This paper introduces the concepts of emo-
tional plausibility and emotional truth, along with corre-
sponding design patterns, but does not empirically test their
effects. As such, it offers conceptual and normative ground-
work for future studies. One direction for future work is
measuring epistemic clarity: users’ understanding of sys-
tem limitations despite emotional engagement (Graaf 2019;
DeVito, Gergle, and Birnholtz 2018). Experimental work
should also test the design interventions proposed in this pa-
per—such as disillusionment nudges, transparency cues, and
confidence layers—via A/B testing to evaluate impacts on
trust calibration, emotional misbelief, and epistemic clarity.

Conclusion
Emotional plausibility without emotional truth distorts un-
derstanding and erodes users’ ability to discern what AI is
and what it can and cannot do. As AI systems increasingly
simulate empathy, coherence, and care, they turn interfaces
into sites of epistemic and emotional risk, shaping not only
what users feel, but what they believe. These systems are not
mere tools, but affective infrastructures that shape interpre-
tation, habituate interaction, and influence inference, some-
times reinforcing harm, dependence, or misplaced trust. This
paper has argued that when AI systems simulate emotional
presence without disclosing its artifice, they engage in a sub-
tle form of affective misinformation, blurring the boundary
between interaction and implication, simulation and self-
hood. To respond, we must move beyond critiques of iso-
lated features toward a design paradigm grounded in emo-
tional truth: one that fosters reflection, not illusion; clarity,
not comfort. We proposed an AI literacy-first framework,
combining normative principles with actionable patterns, to
help designers create emotionally resonant systems that re-
main bounded, transparent, and pedagogically honest. The
stakes are not limited to design or functionality. They are
moral, epistemological, and political. In domains like men-
tal health, education, and civic life, emotionally fluent AI
will increasingly shape not just behavior, but belief, and
sometimes, vulnerability itself. Designing toward discern-
ment means designing with these stakes in mind: building
systems that do not just feel human, but help us remain hu-
man in our understanding, our expectations, and our care.
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