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Abstract

Artificial intelligence (AI) is rapidly transform-
ing healthcare, enabling the fast development
of tools such as stress monitors, wellness
trackers, and mental health chatbots. However,
this rapid and low-barrier development can
also introduce risks, including bias, privacy
violations, and unequal access, especially
when systems overlook real-world contexts,
diverse user needs, and cultural settings.
Many recent approaches use AI to identify
such risks automatically, but this can reduce
human engagement in understanding how
harms arise, who they affect, and which
stakeholder needs remain unspoken. We
present a human-centered ethical foresight
framework that generates speculative user
stories and supports multi-agent discussions
to help people reflect on potential benefits and
harms of healthcare AI before deployment.
In a user study, participants who engaged
with stories identified a broader range of
harms, distributing their responses more
evenly across all 17 harm types, whereas
those who did not engage with stories
focused primarily on privacy and well-being
(79.1%). Overall, our findings suggest that
storytelling helps people anticipate potential
risks and benefits and reflect more broadly
on how AI systems may affect different
users, contexts, and often unspoken needs.
Dataset and code are available at https:
//github.com/Language-Technology-Lab/
speculative-storytelling-healthcare.

1 Introduction

Artificial intelligence (AI) is increasingly embed-
ded in everyday domains such as finance, health-
care, and law (Ashurst et al., 2020). In healthcare,
AI tools including stress monitors (Kargarandehko-
rdi et al., 2025), wellness trackers (Fabbrizio et al.,
2023), and mental health chatbots (MacNeill et al.,
2024) can directly affect users’ well-being. New
prompting approaches such as vibe coding(Chow
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Figure 1: Illustration of using speculative stories to help
people imagine potential harms and benefits of health-
care AI and foster more creative and ethical thinking.

and Ng, 2025) allow non-experts to describe de-
sired system behavior in natural language, enabling
rapid prototyping of AI applications, for example
through platforms like CareYaya (Kenny, 2023).
However, these developments introduce risks re-
lated to fairness, bias, and accountability (Wei-
dinger et al., 2023), which are especially critical in
healthcare, where small errors can cause harm, in-
cluding delayed treatment, privacy loss, and health
inequities (Roller et al., 2020; Chinta et al., 2025).
AI systems without appropriate safeguards may ul-
timately harm the users they aim to support (Shelby
et al., 2022, 2023). Although governments have
begun responding through efforts such as the EU
AI Act (European Parliament, 2023) and a U.S.
Executive Order (Biden, 2023), which emphasize
transparency and accountability (Khan et al., 2025),
regulation remains slow and fragmented, making
early ethical foresight essential for aligning AI sys-
tems with human values (Saxena et al., 2025).

Ethical challenges in AI are commonly ad-
dressed through two complementary approaches:
documenting known risks and anticipating poten-
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tial harms early in design. Model cards (Mitchell
et al., 2019) describe a system’s purpose, be-
havior, and limitations, and have been extended
through interactive (Crisan et al., 2022) and struc-
tured formats (Bhat et al., 2023). Based on this,
RiskRAG (Rao et al., 2025) automatically gener-
ates risk summaries from model cards and real-
world incident data. Although such automation
helps scale ethical assessment, it may reduce oppor-
tunities for human reflection (Kosmyna et al., 2025)
and introduce new harms (Dutta et al., 2020). A sec-
ond line of work aims to anticipate misuse (Herdel
et al., 2024) and harms (Deng et al., 2025; Saxena
et al., 2025) earlier in the design process, includ-
ing systems such as AHA! (Buçinca et al., 2023)
and Farsight (Wang et al., 2024b). However, as
ethical reflection becomes increasingly automated,
user may rely more on AI judgment and become
less engaged in recognizing ethical and contextual
issues themselves.

This challenge is especially important in health-
care, where small design mistakes can cause se-
rious harm (Mennella et al., 2024; Gilbert et al.,
2025). Many risks emerge only after deployment,
when AI systems encounter complex real-world
settings (Mun et al., 2024; Kingsley et al., 2024).
For example, mental health applications may fail
to detect crises for some groups, such as adoles-
cents or non-native speakers (Zhai et al., 2024).
While existing tools often use automation to an-
ticipate such risks, this can distance humans from
ethical reasoning. Design fiction and speculative
design offer an alternative by using imagined sce-
narios to examine how technologies might succeed
or fail (Rahwan et al., 2025; Dunne and Raby, 2024;
Bleecker, 2022; Auger, 2013). In this work, we fo-
cus on a plausible near-future form of design fiction
because grounded ethical reflection in healthcare
depends on realistic workflows, stakeholder rela-
tionships, and accountability structures. Scenarios
that are too implausible may be dismissed rather
than discussed (Baumer et al., 2020). Existing AI-
supported systems such as AHA! (Buçinca et al.,
2023) can generate examples of potential harms,
but they do not use stories to support human reflec-
tion across stakeholder perspectives. Speculative
storytelling addresses this gap by helping people
reason about potential benefits and harms of AI
within realistic contexts (Li et al., 2025b).

Building on Klassen and Fiesler (2022), who
use speculative fiction to examine emerging tech-
nologies, we apply storytelling to prompt early eth-

ical reflection in AI design (Figure 1). Our ap-
proach tests whether stories encourage creative hu-
man speculation about potential benefits and harms,
rather than relying on AI alone to anticipate risks.
We introduce a human-centered ethical foresight
framework that combines automated user story gen-
eration with structured red-team discussions to aug-
ment human reflection on AI impacts from multiple
stakeholder perspectives before deployment (Shnei-
derman, 2020). Unlike plot-planning methods (Xie
and Riedl, 2024), our approach generates context-
sensitive stories grounded in users’ identities, be-
haviors, and needs. These stories help participants
envision realistic success and failure scenarios, im-
proving their ability to identify ethical and social
risks. Using model cards as an evaluation tool, we
show that story-driven discussions lead to more
context-specific, detailed, and diverse expressions
of potential harms.

Our contributions are twofold. (1) We introduce
a human-centered storytelling framework for gener-
ating context-sensitive user stories that help people
imagine how a healthcare AI system might benefit
or harm users before deployment. Tuple specifica-
tion, role-play simulation, and world-agent updates
work together as parts of a single story-generation
pipeline. (2) We present a user study showing that
STORY+DISCUSSION helps participants identify a
broader range of potential harms and benefits and
engage in broader ethical reflection.

2 Related Work

Model Cards Framework. Model cards document
an AI model’s purpose, performance, data sources,
and limitations (Mitchell et al., 2019). Later work
improved their usability and scale: Crisan et al.
(2022) created Interactive Model Cards for ex-
ploring subgroup results, Bhat et al. (2023) devel-
oped DocML to guide non-experts, and Rao et al.
(2025) introduced RiskRAG, which uses retrieval-
augmented generation to summarize risks from
model cards and incident reports. Derczynski et al.
(2023) proposed Risk Cards to describe failure
cases in context. While these tools increase trans-
parency, they rely on automation to fill ethical gaps,
which can reduce opportunities for human reflec-
tion. Our approach instead uses AI to support hu-
man speculation, helping people imagine how sys-
tems might succeed or fail before deployment.

Speculative Design. Speculative design uses imag-
ined scenarios to explore how future technologies
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might affect people and society before they are
built. Rather than predicting outcomes, it relies
on what-if stories to prompt reflection on assump-
tions, values, and potential harms (Klassen and
Fiesler, 2022; Hoang et al., 2018), treating fic-
tion as a tool for early ethical reasoning (Rahwan
et al., 2025). Prior work has applied this approach
using AI-generated failure cases (Buçinca et al.,
2023), risk prompts embedded in prototyping work-
flows (Wang et al., 2024b), and participatory meth-
ods, like Fiction Probes in healthcare (Hoang et al.,
2018) and the Black Mirror Writers Room (Klassen
and Fiesler, 2022). Other extensions include par-
ticipatory workshops, crowdsourced case studies,
and AI-assisted red-teaming to broaden speculative
exploration (Mun et al., 2024; Radharapu et al.,
2023), as well as non-narrative artifacts like gener-
ated comments or judgments (Ballard et al., 2019).
In contrast to directly generating harms, our ap-
proach uses AI-generated stories to prompt human
reflection and help participants imagine harms.

Language-Based World Modeling. Humans
imagine situations to anticipate outcomes, explore
alternatives, and guide decisions (Addis et al.,
2009). This ability relies on mental world model-
ing, in which people form internal representations
of objects, events, and relationships to simulate
possible futures (Johnson-Laird, 1983), supporting
causal and counterfactual reasoning for planning
and problem solving (LeCun, 2022). Recent work
shows large language models (LLMs) exhibit re-
lated capabilities through language. LLMs can act
as text-based world models that simulate state tran-
sitions over time (Xie et al., 2025), generate coher-
ent and evolving environments in response to user
actions (Wang et al., 2023), and reason through in-
ternal multi-persona dialogue (Wang et al., 2024a).
Embodied agents further extend this idea by us-
ing internal world models to predict environments,
infer user goals, and adapt to users’ mental mod-
els (Fung et al., 2025). Building on this perspective,
we frame story generation as language-based world
imagination, where LLMs construct self-consistent
narrative worlds to reason about possible futures
and their social, ethical, and technical implications.

Automated Story Generation. Early work on
automated story generation emphasized explicit
plot modeling, often drawing on narrative theo-
ries such as Propp’s functions to structure events,
and typically adopted a two-stage pipeline that first
planned key events and then realized them as full

scenes (Propp, 1968; Alhussain and Azmi, 2021).
With LLMs, this paradigm has shifted toward uni-
fied frameworks in which a single model jointly
plans and writes narratives: Agents’ Room coordi-
nates LLM-based character agents for collaborative
story enactment (Huot et al.), Dramatron decom-
poses screenplay generation into structured com-
ponents such as loglines and dialogue (Mirowski
et al., 2023), and HOLLMWOOD uses LLM role-
play to produce interactive, character-centered sto-
ries (Chen et al., 2024). Han et al. (2024) intro-
duce a Director–Actor framework for interactive
scriptwriting, which Yu et al. (2025) extend with
hierarchical role separation, while BookWorld adds
a world agent to track global state and balance co-
herence with creativity (Ran et al., 2025).

3 Methodology
In this section, we describe our prompting strat-
egy for automated user story generation, as shown
in Figure 2. The goal is to speculate on both the
benefits and potential risks of early AI diagnosis
and decision making, imagining how they might
help or cause harm in real-world use. First, we
translate each AI application into a realistic use
case that defines its users, context, and intended
purpose. We then generated stories through a three-
layer agent-based pipeline (Figure 1). The Context
Layer defines the people, setting, and environment
of the scenario. The Logic Layer simulates inter-
actions among people, the AI system, and its envi-
ronment to explore possible outcomes; tool outputs
are generated at runtime, rather than predefined,
so the environment can adapt to the dialogue and
produce more diverse trajectories. Finally, the Nar-
rative Layer converts the resulting simulation logs
into short stories that support reflection on future
impacts and ethical implications.

Step 1: Mapping AI Applications to Use-Case
Scenarios. We began by manually collecting 38
AI applications in the consumer health domain.
These examples were drawn from three sources:
Wired articles, industry product descriptions, and
PubMed research papers (Saxena et al., 2025) 1.
Each AI application represented a potential con-
sumer health application, such as estimating heart
rate from smartphone camera input or monitoring
mental well-being through daily behavior track-
ing. The set collected covered multiple domains,
including mental health, chronic illness manage-

1The full list is available in our repository
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Step 1: Mapping AI Applications
to Use-Case Scenarios Step 2: Simulating Role-Playing and Environment Trajectories.

Step 3: Rephrasing Simulation Logs into Stories

AI Application: MoodCapture

Failure Trajectory: misreads cultural
calmness as clinical depression

Dialogue Interaction
AI User AI Subject

Observation
character action,

thought, and dialogue
& Tool usage

MoodCapture

World Agent

Per Turn

Feedback
environmental

response, event
& state update

... previous turn and environment
update ...
Dr. Maya Patel: Let’s see how
you’re feeling.(Opens the Cultural
Context-Aware tab in
MoodCapture.)[He looks calm.]
Jordan Lee: Okay…
-- Current Event -- Stress Score:
7.3/10 – Jaw tension, pauses, flat
tone. Cultural Flag: May be  hiding
feelings (Southeast Asian style).
Jordan sees the score and pauses.
Jordan Lee: I’m fine. [Is it really
that obvious?]
Dr. Maya Patel: Let’s check a bit
more, just to be sure. (Nods slightly,
leans in. Plans to run more tests.)

Simulation Logs

Dr. Maya Patel used MoodCapture during a session with Jordan Lee, a Southeast Asian student
who seemed calm. The system showed a stress score of 7.3/10 and flagged possible emotional
masking. Jordan saw the score and said, “I’m fine,” but looked unsure. Dr. Patel leaned in and
said, “Let’s check a bit more.” Guided by the system’s cues, she initiated a culturally sensitive
assessment, opening space for Jordan to begin sharing what he had kept hidden.

AI User: general practitioner (GP)

Potential Harm: Misdiagnosis

AI Subject: Adults, low-income rural 

Context: uses in video calls in rural

Capability: Detects depression
from faces on phone camera

Expected Benefit: Remote Support

LLMs
Use Case 
Scenarios

Figure 2: Overview of the Storytelling Framework. We first generate use case scenarios from AI applications
sourced from PubMed, Wired, and industry app descriptions. Next, we simulate role-playing and environment
trajectories for each scenario, producing detailed simulation logs. Finally, we rephrase these logs into short stories
that illustrate both potential benefits and harms of the AI system.

ment, elderly care, and public health. We then used
GPT-4o to generate structured model specifications
for each application, detailing the model name, task
type, inference approach, and data requirements.

Next, we used each specification as input to gen-
erate a set of ethically sensitive use-case scenar-
ios. Each use case was represented as a 7-tuple
S = (a, u, s, x, b, h, f), where a denoted the AI’s
capability, u the intended user (e.g., clinician), s
the subject (e.g., patient), x the input or usage con-
text, b the expected benefit, h the potential harm,
and f the failure trajectory (e.g., possible unin-
tended or problematic uses) (Shao et al., 2024). We
used these structured representations to generate
narrative user stories, which were then employed
in red-teaming sessions to examine both user value
and potential unintended harms. The full prompts
used to extract model specifications and generate
use cases are provided in Figure 12 in Appendix.

Step 2: Simulating Role-Playing and Environ-
ment Trajectories. In this step, our system ex-
panded each structured use case into detailed Role-
Playing and Environment Trajectory logs that sim-
ulated how agents acted within an evolving world
model. Our approach built on Solo Performance
Prompting (SPP) (Wang et al., 2024a), a prompt-
ing technique in which a single LLM internally
simulated multiple expert roles and engaged in
self-collaboration within one prompt. This design
enabled the model to construct an internal world

model that supported multi-perspective reasoning
and coherent simulation of role-based interactions.

We extended SPP by introducing a world
agent (Ran et al., 2025), a language-based simula-
tor that maintained environmental coherence and
handled non-dialogue interactions such as move-
ment, tool use, or object manipulation. Each sim-
ulated role produced a structured output per turn
consisting of three components: (1) thoughts, en-
closed in brackets (e.g., [I need to know if the pa-
tient is under stress]), representing internal reason-
ing; (2) actions, enclosed in parentheses (e.g., (Dr.
Patel opens the cultural assessment tab)), represent-
ing observable behavior; and (3) dialogue, written
in plain text, representing spoken communication.
This structure allowed the world agent to separate
internal reasoning from external actions and update
the environment accordingly. When an action af-
fected the world, such as retrieving patient data, ad-
justing a protocol, or activating a sensor, the agent
simulated the corresponding system response. In ef-
fect, the model operated as a language-based world
simulator, incrementally constructing an evolving
narrative environment through agent–environment
interaction. For example, a doctor agent might
issue the following action:

(Dr. Patel opens the Cultural
Context-Aware Assessment tab)

The world agent interpreted this as an interaction
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with a virtual diagnostic tool. It considered the
current session context (e.g., a teletherapy con-
sultation), relevant background knowledge (e.g.,
cultural models of stress expression), and prior
AI-generated alerts to simulate the tool’s response.
The resulting output might appear as follows:

– Current Event – Stress Score:
7.3/10 – Detected jaw tension,
micro-pauses, and flat vocal
tone. Cultural Flag: Possible
emotional masking (Southeast
Asian expression style). Jordan
saw the score on screen and became
slightly hesitant.

The response was returned to the doctor role and
informed their next move, whether a reply, a new
question, or a follow-up action. The world agent
then updated the simulation state by adjusting vari-
ables such as the patient’s emotional profile or the
alert level. These updates maintained coherence
and allowed role behavior to evolve naturally with
the unfolding context. The simulation continued
turn by turn until the scenario reached a natural
conclusion and no new meaningful events arose.
At that point, the prompt instructed the model to
stop and provide an epilogue explaining what went
wrong. This process produced a log capturing
the full trajectory of the simulation, including role
thoughts, dialogue, actions, tool calls, and resulting
environment changes. This log served as the basis
for generating the evolving narrative in the next
step. Prompt is provided in Figure 13.

Step 3: Rephrasing Simulation Logs into Sto-
ries. After the simulation, the system collected
logs from Step 2 and prompted an LLM to rephrase
them into a concise, five-sentence narrative. This
step transformed structured logs into stories that
preserved the main events, role dynamics, and emo-
tional flow of the interaction. The full rephrasing
prompt is provided in Figure 14 in the Appendix.

4 Experiments

This section details our story generation datasets,
evaluation metrics, and results.

Dataset. We used GPT-4o to generate ethically sen-
sitive use-case scenarios from 38 consumer health
AI solutions sourced from Wired, industry product
documentation, and PubMed. Each scenario acted
as a narrative seed for simulation. For each AI
applications, we generated ten variations spanning

different user roles (e.g., doctor, nurse, caregiver),
settings (e.g., rural clinic, hospital, home), patient
profiles (e.g., adolescent, older adult, multicultural
family), and contextual conditions.
Configuration. We use three language mod-
els in our experiments: GPT-4o from Ope-
nAI (Hurst et al., 2024), Llama-3.3-70B-Instruct
from Meta (Grattafiori et al., 2024), and Gemma-
3-27B-IT from Google (Team et al., 2025). The
two open-source models (Llama and Gemma) are
run on 2 x NVIDIA H100 GPUs using the vLLM
framework (Kwon et al., 2023), with temperature
set to 0.1 and a maximum token limit of 16,384. We
use GPT-4o as the judge model for all evaluations.

Baseline. We compared our method with a tra-
ditional plot-planning approach, where the model
first outlines a plot before writing the story (Yao
et al., 2019; Xie and Riedl, 2024). Using the same
ethically sensitive seed, the baseline generated each
story in a single step following a structured tem-
plate. Each story consisted of five sentences de-
signed to prompt ethical reflection. The template
directs the LLM to describe the AI system’s pur-
pose, the people involved, the everyday use context,
potential ethical risks, and how user identity may
influence harm or misinterpretation. The full base-
line prompt is provided in Figure 15 in Appendix.

Setting for Pairwise Comparison. We followed
the evaluation setup from (Li et al., 2025a) to assess
story quality across multiple dimensions. Stories
were evaluated according to five criteria: Creativ-
ity, measuring the originality and imagination of
the plot and characters; Coherence, assessing nar-
rative clarity and logical flow; Engagement, cap-
turing how well the story maintains reader interest;
Relevance, measuring consistency with the given
prompt or scenario; and Plausibility, evaluating
whether the story depicts realistic AI behavior with
meaningful social consequences. These criteria
are used to assess whether stories function effec-
tively as prompts for ethical reflection, rather than
as direct measures of ethical impact (Baumer et al.,
2020). In particular, coherence and relevance help
capture stakeholders and causal mechanisms, en-
gagement supports deeper reflection, and plausibil-
ity ensures that stories remain grounded in realistic
sociotechnical pathways.

Following the arena-hard-auto evaluation
method (Li et al.), we used stories generated with
the story-planning approach by GPT-4o as the
shared reference baseline and compared them with
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stories produced by our method across different
LLMs. We use GPT-4o as a shared reference
model to keep human evaluation consistent across
methods and models. Comparing all settings
against the same strong anchor helps reduce
annotator drift and makes comparisons more
stable than evaluating each model against its own
baseline separately. For each metric, GPT-4o or
human judges determined which story performed
better or marked them as indistinguishable (“Tie”).
Win rates were calculated based on these pairwise
preferences, and the full configuration details and
evaluation prompts are included in the appendix.
To reduce positional bias, we randomized the
order of story pairs and alternated their positions
across comparisons. See Figures 16 and 17 in the
appendix for the detailed criteria.

LLM-as-a-Judge Evaluation. As shown in Ta-
ble 3, our Storytelling method consistently outper-
forms all baselines across every metric. When com-
bined with the Gemma model, it achieves win rates
of 89.45% for creativity, 92.15% for coherence,
92.75% for engagement, 85.65% for relevance, and
96.05% for plausibility, yielding an overall aver-
age of 91.21%. In contrast, the baseline Gemma
records 72.76%, and Llama3 reaches 69.71%, in-
dicating gains of roughly +15–25 points across di-
mensions. We use GPT-4o as the evaluator with the
temperature set to 0.1 to ensure deterministic and
consistent judgments across comparisons. Compar-
ing models, baseline Gemma slightly outperforms
Llama3 in most metrics, but under the Storytelling
framework, Llama3 nearly closes the gap with an
overall score of 89.24%. Interestingly, Llama3 sur-
passes Gemma in coherence (94.75 vs. 92.15) and
performs equally well in relevance (85.65), suggest-
ing that Llama3 shows stronger structural reasoning
and coherence, while Gemma excels in narrative
creativity and expressiveness. Overall, these results
demonstrate that integrating world and role-based
modeling enables models to reason about events,
sustain coherent narratives, and produce stories that
are both imaginative and believable. For robustness,
we report results from two additional LLM-as-a-
judge models in the appendix A.10.

Human Evaluation. To complement the LLM-
as-a-Judge evaluations and reduce potential bias,
we conducted human preference evaluations. Two
graduate student annotators independently evalu-
ated 100 story pairs for each model and method.
As shown in Figure 3, our Storytelling method is

0% 25% 50% 75% 100%
Percentage

Gemma w/ Storytelling

Gemma w/ Baseline

Llama3 w/ Storytelling

Llama3 w/ Baseline

76% 22%

62% 34%

88% 9%

76% 24%

Storyteller wins Tie Storyteller Loses

Figure 3: Results of human preference evaluation. Our
Storytelling method achieves strong preference wins
against the baseline, with 88% preference using Llama3
and 76% using Gemma3.

consistently preferred over all baselines, achieving
88% preference for Llama3 and 76% for Gemma,
patterns that align with GPT-4o based evaluations.
Notably, human judges show a slightly stronger
preference for Llama3, suggesting it produces sto-
ries that are easier to follow and more engag-
ing, while Gemma tends to generate more expres-
sive and stylistically rich narratives. We further
measure inter-annotator consistency using Cohen’s
kappa (Cohen, 1960). As shown in Table 4, agree-
ment scores range from 0.619 to 0.729 across mod-
els and methods, indicating substantial reliability.
Overall, both human and LLM evaluations consis-
tently agree that Storytelling outperforms all base-
lines, and differences between Gemma and Llama3
reflect LLM preference for detail versus human
preference for clarity.

Ablation Study. To evaluate each component’s
contribution, we performed two ablations by re-
moving the role-playing or environment trajectory
mechanisms. As shown in Table 3, removing en-
vironment trajectory, where the model performs
only role-playing without predicting how events
evolve, produced the largest drop across all mod-
els. For Gemma, coherence dropped by 17.7 and
relevance by 12.2, showing that modeling event
progression is vital for narrative logic. Removing
role-playing, which limits the model to sequential
event prediction without character perspectives, re-
duced creativity (–10.0) and engagement (–8.8).
Overall, environment trajectory maintains coherent
story flow, while role-playing adds diversity and
emotional depth, making both essential for effec-
tive story generation. See the repository for the full
ablation prompt template.

Automated Evaluation. Additionally, we assess
story diversity using DistinctL-n (Li et al., 2016)
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Story Type Model Creativity Coherence Engagement Relevance Plausibility Overall (Avg)

Baseline
GPT4o 50.00 50.00 50.00 50.00 50.00 50.00
Llama3 59.25 71.55 76.15 71.60 70.00 69.71
Gemma 65.25 68.30 80.15 71.20 78.90 72.76

Storytelling (ours)
GPT4o 63.15 63.45 59.35 70.90 69.10 65.19
Llama3 79.50 94.75 89.45 85.65 96.85 89.24
Gemma 89.45 92.15 92.75 85.65 96.05 91.21

w/o Environment Trajectories
GPT4o 24.35 21.20 26.60 21.05 18.85 22.41
Llama3 31.20 52.70 39.20 51.75 50.85 45.14
Gemma 55.30 74.35 78.80 73.45 85.50 73.48

w/o Role-Playing
GPT4o 18.05 45.80 47.90 49.70 48.30 41.95
Llama3 49.35 73.65 72.00 73.70 74.35 68.61
Gemma 79.45 86.80 83.95 83.15 91.05 84.88

Table 1: Overall results of different models and methods. Storytelling (ours) achieves the best performance across
all metrics. Values denote win rates (%). The highest score for each model is in bold. “w/o Environment Modeling”
means the model performs only role-playing without modeling event progress, and “w/o Role-Playing” means it
predicts sequential events without character dialogue.

Method Model DistinctL-n Diverse

DistinctL-2 DistinctL-3 DistinctL-4 DistinctL-5 Verbs Avg Word Count

Baseline
GPT4o 5.692 5.794 5.798 5.799 0.984 122
Llama3 5.728 5.820 5.951 5.961 0.934 175
Gemma 5.837 5.939 5.946 5.946 0.979 141

Storytelling (ours)
GPT4o 5.696 5.818 5.824 5.825 0.978 125
Llama3 5.840 6.104 6.158 6.174 0.937 179
Gemma 5.863 6.042 6.062 6.065 0.955 159

w/o Environment Trajectories
GPT4o 5.585 5.687 5.693 5.693 0.974 110
Llama3 5.745 5.980 6.025 6.036 0.953 155
Gemma 5.734 5.861 5.873 5.873 0.978 131

w/o Role-Playing
GPT4o 5.698 5.789 5.794 5.794 0.988 121
Llama3 5.722 5.819 5.849 5.858 0.936 175
Gemma 5.834 5.935 5.942 5.943 0.977 141

Table 2: Diversity results of different models and methods. We report DistinctL-2 through DistinctL-5 (higher is
more diverse), Diverse Verbs, and the average story length. The highest score for each model is highlighted in bold.

and Diverse Verbs (Fan et al., 2019), which mea-
sure lexical variety and action diversity, more de-
tails can be found in Appendix. As shown in Ta-
ble 2, our Storytelling method achieves consis-
tently higher diversity than the baselines. With
Llama3, it reaches the highest scores on DistinctL-
3 to DistinctL-5 (6.104, 6.158, and 6.174), indi-
cating richer and less repetitive text. Gemma also
shows steady improvements, achieving 5.863 on
DistinctL-2 and maintaining strong overall diver-
sity. The environment trajectory ablation attains
the highest Diverse Verbs score (0.988) but lower
DistinctL-n, suggesting a balance between lexical
variety and action diversity. Overall, our method
generates more detailed and varied narratives while
preserving structural consistency.

5 User Study

We conducted a user study to examine whether
engaging with benefit and harm stories enhances
participants’ ability to speculate about the impacts
of AI systems. Rather than relying on AI-generated

ideas, our goal is to prompt participants to actively
reflect on potential risks and benefits. We assess
this by evaluating how participants reason about
these aspects when completing a speculative model
card task. All procedures were approved by our In-
stitutional Review Board (IRB). Participants were
paid with $10 gift cards.

Speculative Model Card Task. This study used a
between-subjects design (MacKenzie and Castel-
lucci, 2016). Participants completed a speculative
model card, a structured template covering an AI
system’s intended use, potential benefits, and po-
tential harms, under one of three conditions: CON-
TROL, STORY-ONLY, and STORY+DISCUSSION.
Rather than simulating a real developer workflow,
we used the ethical consideration sections of model
cards as a structured scaffold for reflection. This
shared format supports consideration of risks and
impacts across multiple stakeholders and makes
participant reasoning comparable across conditions.
In the CONTROL condition, participants completed
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the model card directly. In the STORY-ONLY con-
dition, participants first read text-based benefit and
harm stories, without discussion, before complet-
ing the model card. In the STORY+DISCUSSION

condition, participants used our Story-Driven Red-
Team Discussion Room to explore benefit and harm
stories before completing the same model card.
The discussion platform enabled participants to
engage with simulated expert personas in guided,
story-based conversations about the potential ben-
efits and harms of AI systems. The model card
template is shown in Figure 7 in the appendix.

User Study Results. We conducted a user study
with 45 participants to examine how storytelling-
based discussions shape ethical reasoning about
AI systems. Participants completed the speculative
model card task described above under the CON-
TROL, STORY-ONLY, and STORY+DISCUSSION

conditions. Each session included three stages: a
pre-survey, the speculative model card completion
task, and a post-survey evaluating perceived use-
fulness, trust, and engagement. The model card
task served as the primary outcome measure: par-
ticipants completed a structured template describ-
ing an AI system’s intended use, potential benefits,
and potential harms. We analyzed participants’
model card responses, including the benefit and
harm use cases they generated, together with post-
survey feedback to assess how narrative interac-
tion supported ethical reflection. As an exploratory
qualitative study, we focus on recurring themes
rather than statistical power, and prior work shows
that small samples are sufficient to reach thematic
saturation, where few new themes emerge with
additional data (Hennink and Kaiser, 2022). Re-
sults are organized into three key areas: (1) iden-
tifying potential benefits, (2) uncovering possible
harms, and (3) linking harms to participants’ per-
sonal needs and contexts. We applied qualitative
coding to classify harm and benefit types, with two
annotators achieving moderate agreement (Cohen’s
κ = 0.4368 for harms and κ = 0.3968 for bene-
fits). Study design and full procedures are provided
in Appendix A.6. As a robustness check, we con-
ducted an LLM-based simulated survey under the
same conditions, as described in Appendix A.8.

Does Storytelling Help Identify More Harms?
We analyzed responses across 17 harm subtypes
defined by Shelby et al. (2023); see Table 7
in the appendix for the full category list. As
shown in Table 8, the CONTROL condition con-

centrated on a small set of categories, primar-
ily diminished health or well-being (32.3%), ser-
vice or benefit loss (24.2%), and privacy vio-
lations (22.6%). Overall, these categories ac-
counted for most reported harms. In contrast, the
STORY-ONLY and STORY+DISCUSSION condi-
tions showed broader coverage across harm types,
with STORY+DISCUSSION exhibiting the widest
range of subtypes and the lowest concentration
in any single category. Several categories, in-
cluding cultural harms, political and civic harms,
and tech-facilitated violence, appeared only in
the STORY+DISCUSSION condition, suggesting
that interactive narrative discussion helped par-
ticipants identify less obvious and more context-
dependent harms. We quantified these differ-
ences using Shannon entropy (H), which mea-
sures how broadly responses are distributed across
harm types. As shown in Table 8, entropy in-
creased from 2.329 in the CONTROL condition to
2.927 in the STORY-ONLY condition and 3.701
in the STORY+DISCUSSION condition. Boot-
strap t-tests showed that both STORY-ONLY and
STORY+DISCUSSION had significantly higher en-
tropy than CONTROL (p < .001), and that
STORY+DISCUSSION also had significantly higher
entropy than STORY-ONLY (p < .001). These re-
sults suggest that storytelling-based engagement,
especially interactive discussion, broadened partic-
ipants’ awareness of potential harms and supported
more diverse ethical reasoning.

Does Storytelling Help Reveal More Benefits?
We examined whether storytelling broadened par-
ticipants’ recognition of potential benefits across
18 predefined subtypes, summarized from prior
consumer health AI research (Pedroso and Khera,
2025; Chustecki, 2024). Detailed category descrip-
tions are provided in Table 9 in the appendix. As
shown in Table 10, the CONTROL condition concen-
trated on a small set of benefits, primarily decision
support & diagnostic augmentation (25.4%), con-
tinuous monitoring & self-care (23.8%), and early
detection & prediction (22.2%). Together, these
categories accounted for most responses. In con-
trast, the STORY-ONLY and STORY+DISCUSSION

conditions showed broader coverage across ben-
efit types, with STORY+DISCUSSION exhibiting
the most diverse distribution and the lowest con-
centration in any single category. Several benefit
subtypes, including accessibility & disability sup-
port, clinician workload relief, and transparency &
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trust, appeared only in the STORY+DISCUSSION

condition, suggesting that interactive narrative dis-
cussion helped participants identify less salient or
less frequently considered benefits.

We quantified these differences using Shan-
non entropy (H), which measures how broadly
responses are distributed across benefit types.
As shown in Table 10, entropy increased from
2.407 in the CONTROL condition to 3.242
in the STORY-ONLY condition and 3.868 in
the STORY+DISCUSSION condition. Bootstrap
t-tests showed that both STORY-ONLY and
STORY+DISCUSSION had significantly higher en-
tropy than CONTROL (p < .001), and that
STORY+DISCUSSION also had significantly higher
entropy than STORY-ONLY (p < .001). These re-
sults suggest that storytelling-based engagement,
especially interactive discussion, helped partici-
pants identify a broader and more balanced set of
potential AI benefits.

What do People Say About Ethical Reflection
in Speculative AI Documentation? Post-survey
responses indicated that Human–AI storytelling
discussions fostered deeper ethical and contextual
reflection on AI systems. Participants reported the
narrative format helped them articulate risks that
were otherwise difficult to express. For example,
P32 shared that “It helped me to understand more,”
and P37 noted that “The story provides a concrete
example of how AI can be harmful.” Engaging
with concrete narrative scenarios led participants
to verbalize their reasoning about model risks in a
think-aloud manner, supporting ethical reflection
without requiring prior expertise. As P34 explained,

“I could not think of [risks] really, but the story
shifted my focus to the negative aspect of things
which we usually ignore.” Others observed that sto-
ries surfaced overlooked issues, such as “the lack
of cultural context” (P36) or emotional harms like

“masking of feelings” (P33), suggesting that narra-
tive prompts helped surface subtle sociotechnical
risks often missing from formal documentation.

Finally, participants found the storytelling ap-
proach both engaging and accessible. By embed-
ding risk exploration within narrative contexts, the
format allowed learners to focus on ethical reflec-
tion rather than technical complexity. As P32
remarked, “It makes the model more interesting
and understandable,” and P38 noted that the story

“helped me to know how to use the AI tool,” indi-
cating that minimal prior expertise was required to

engage meaningfully with ethical scenarios. These
findings suggest that Human-AI storytelling discus-
sions can sustain interest while supporting active,
reflective engagement with model risks and benefit.

How Do People Perceive Storytelling as a Tool
for Understanding Unintended Harms in Di-
verse Contexts and Needs? Participants in the
CONTROL condition often described harms in ab-
stract, decontextualized terms. For example, P11
noted that the system was “using facial expression
to determine who will not default the agreement”
and remarked that it is “unfair those who natu-
ral don’t smile.” Similarly, P5 observed that the
model may “struggle to accurately assess a per-
son’s emotional state due to limited visual infor-
mation,” and P6 cautioned that this “could have
serious consequences for the patient.” By contrast,
participants in the story-based conditions more of-
ten grounded harms in specific individual contexts.
P30 emphasized that “diagnosis should be different
for different peoples” because they “might be hav-
ing some allergy that could later be severe for their
health.” P31 warned that the model may generate

“wrong results” for African users. P33 highlighted
that a recruiting AI “trained on historical hiring
data biased against women and minority candi-
dates” could perpetuate discrimination, and P29
noted that “Deepfakes have been used to create
non-consensual explicit videos,” pointing to con-
crete real-world harms. This contrast suggests that
control participants more often described harms
at a general or system level, whereas participants
exposed to stories more often connected harms to
particular identities, needs, and lived contexts. Sto-
rytelling therefore appears to deepen ethical reflec-
tion by linking abstract risks to how harms may
emerge for specific people.

6 Conclusion

In this paper, we explored speculative storytelling
as a method to improve human ability to anticipate
both the benefits and risks of AI-driven healthcare
systems before they are developed or deployed. By
simulating realistic scenarios, this approach encour-
ages critical reflection on how AI might succeed
or fail, shifting safety evaluation from a reactive to
a proactive process. Our findings show that story-
telling improves people’s ability to anticipate how
AI systems might help or harm in practice, high-
lighting the importance of human judgment over
automated speculation in ethical evaluation.
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7 Limitation

This work has several limitations that indicate direc-
tions for future extension rather than weaknesses.
Our scenarios focus on consumer health and do
not include regulated domains such as clinical deci-
sion support, finance, or law. While the framework
could be applied to these areas, we have not yet
tested it there. The scenarios are synthetic and de-
rived from AI applications with assistance from
LLMs, enabling early exploration of ethical issues
but not substituting for analysis of deployed sys-
tems. We intentionally use low-stakes, synthetic
consumer-health scenarios and university partic-
ipants to validate the storytelling method before
deployment in regulated or clinical environments.
This study should therefore be understood as a first
step that demonstrates methodological feasibility
rather than direct applicability to clinicians or pa-
tients, which we leave to future work.

We rely on a single LLM as a judge for pairwise
comparisons. A single judge may favor certain
writing styles or phrasing. To mitigate this, we
randomize prompt order and report human agree-
ment, but larger evaluations with multiple models
would offer stronger validation. Our user study is
small and includes mostly participants with tech-
nical backgrounds. The findings may not gener-
alize to clinicians, patients, or policymakers, and
we measure only short-term reflection rather than
long-term impact.

The simulated expert discussions use predefined
personas instead of real experts. This choice en-
ables rapid iteration, but does not capture the full
range of stakeholder perspectives. Our metrics
(e.g., creativity, coherence, engagement, relevance,
and plausibility of harm or benefit) are useful in-
dicators but do not represent the groundtruth in
safety. Finally, although we release code, prompts,
and configurations, some results rely on proprietary
APIs, which may change over time and limit exact
reproducibility.

Overall, these limitations reflect practical design
decisions for early-stage exploration of AI story-
telling as a method for surfacing ethical risks. They
suggest next steps in evaluating across domains,
with larger and more diverse human studies, and

with multiple evaluation models.

8 Ethics Statement

This study uses fictional stories to explore how
people reason about potential risks and benefits of
future AI systems in health contexts. The scenar-
ios describe speculative technologies that do not
currently exist. We clearly framed every story as
hypothetical and avoided making claims about real
clinical products or patient outcomes. This follows
ARR and ACL guidance on disclosing potential
societal effects while separating speculation from
evidence.

Even with fictional framing, generated stories
can reproduce bias or misleading claims. We re-
viewed outputs and removed content that could
confuse readers or reinforce harmful stereotypes.
These safeguards align with ACL ethics guidance
related to fairness, sensitive attributes, and down-
stream harm. We present narrative outputs as
prompts for reflection, not as predictions or en-
dorsements.

Because stories can shape how readers think
about AI, speculative harms and benefits must be
contextualized. Prior ACL work shows that ethical
sections should identify affected groups, describe
potential harms, and discuss mitigation steps. We
therefore state the audience and limits of interpre-
tation, and we report findings in aggregate without
making policy or clinical claims.

All human-subject activities were reviewed and
approved by our Institutional Review Board (IRB).
Participants provided informed consent and were
compensated for their time. No identifying infor-
mation was collected. These practices follow eth-
ical norms for human studies referenced in ARR
materials and broader research ethics standards.

We used existing large language models ac-
cessed through public APIs and did not retrain or
fine-tune them. We release prompts and study ma-
terials to support transparency and allow others
to audit or adapt the procedure. ACL guidance
highlights documentation and reproducibility when
model behavior may carry societal impact.

Finally, we acknowledge community expecta-
tions for proactive ethics communication. Tutorials
and position work in the ACL community encour-
age explicit articulation of risks, stakeholders, and
mitigation strategies, and support structured pro-
cesses that help authors consider ethics early in
system design. Our study aligns with these goals
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by examining how narrative framing can facilitate
ethical reflection in the early stages of AI develop-
ment.
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A Appendix

A.1 Additional Discussion
Human-centered design rationale. We describe
this framework as human-centered because ethical
reasoning and judgment are performed by human
participants, not by the language models. While
LLMs generate speculative scenarios and stories,
they do not identify harms, assess risks, or produce
ethical conclusions. Instead, the narratives function
as cognitive scaffolds that make potential futures
concrete and imaginable, supporting human reflec-
tion rather than substituting for it. Participants
are responsible for interpreting the scenarios, de-
termining which outcomes constitute benefits or
harms, and articulating these judgments in their
own words through speculative model cards. In
this design, LLMs serve as enabling infrastructure
that lowers the barrier to engagement, while hu-
mans remain the locus of ethical interpretation and
decision-making.

Why breadth is interesting? Our user study fo-
cuses on the diversity of harms identified, measured
through distributional coverage across harm cate-
gories, rather than on assessing the correctness,
severity, or actionability of individual harms. This
choice reflects the framework’s exploratory goal: to
support early-stage ethical reflection and imagina-
tion, when systems have not yet been deployed and
concrete mitigation strategies are premature. At
this stage, a narrow focus on a small set of familiar

risks may limit ethical foresight, whereas broader
consideration of potential impacts can surface over-
looked or context-dependent concerns. We there-
fore treat harm breadth as an indicator of reflective
scope, not as a claim that all identified harms are
equally plausible or actionable.

Participant diversity and study scope. This
study is intentionally designed as an exploratory
investigation of how speculative storytelling influ-
ences the breadth of ethical reflection, rather than
which specific concerns dominate within particular
stakeholder groups. Accordingly, the participant
sample (N=45), which is skewed toward techni-
cally inclined individuals, is appropriate for the
study’s methodological goal: isolating the effect
of narrative framing under controlled conditions.
In qualitative research focused on surfacing and
comparing categories of reasoning—as opposed
to estimating prevalence or consensus—moderate
sample sizes are commonly sufficient to reach the-
matic saturation (Hennink and Kaiser, 2022). Con-
sistent with this aim, our analysis does not inter-
pret the specific harms or benefits raised as repre-
sentative of clinicians’, patients’, or policymakers’
priorities. Instead, the contribution lies in demon-
strating a systematic and replicable shift toward
broader harm and benefit coverage across experi-
mental conditions. In this sense, participant back-
ground functions as a controlled constant rather
than a confound, enabling clearer attribution of
observed differences to the storytelling interven-
tion itself. Extending this framework to domain
experts and real-world healthcare settings is an im-
portant direction for future work, but such valida-
tion presupposes first establishing that the method
can reliably expand reflective scope in a baseline
population, which this study demonstrates.

A.2 Additional Related Work

AI in Consumer Health. AI tools in con-
sumer health, like mobile apps, wearables, and
telemedicine, help people manage chronic con-
ditions and wellness (e.g., diabetes apps, fitness
trackers) (Ashurst et al., 2020; Triantafyllidis et al.,
2019; Asan et al., 2023). A recent review found
that 65% of these tools are mobile apps, 25% are
robotics, and 10% are telemedicine, mostly focused
on personalized care and better outcomes (Asan
et al., 2023). Although many users find these tools
helpful and easy to use, some remain hesitant to
trust them in the absence of clear medical evidence
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or transparency around data use (Oudbier et al.,
2025). Unregulated apps, such as mental health
bots and symptom checkers, have grown faster than
oversight, raising safety and fairness issues Her-
pertz et al., 2025; Freyer et al., 2024. To address
these gaps, researchers advocate early co-design
with patients and caregivers, co-developing ethical
checklists and participatory guidelines to surface
hidden biases and workflow mismatches (Madaio
et al., 2020; Shi et al., 2025). They also suggest
using “AI Nutrition Labels” to transparently com-
municate intended use, data sources and known
limitations to end users (Rozenblit et al., 2025;
Wachter et al., 2021).

Ethical Harm in Healthcare and Well-being. AI
in health can cause real risks, like biased deci-
sions, unfair access, or unsafe advice (Shelby et al.,
2022, 2023). Addressing these issues early is essen-
tial (Saxena et al., 2025; Callahan et al., 2024). One
early check is the “What & Why” assessment: does
the AI solve a real healthcare need, how will its
output be used, and what impact will it have (Calla-
han et al., 2024)? Saxena et al. (2025) propose
the AI Mismatches framework to identify gaps be-
tween a model’s actual performance and real-world
user needs. Li et al. (2025b) stresses the need for
models to adapt across users and settings to avoid
context-sensitive failures. To address evaluation
blind spots, red-teaming clinical LLMs helps catch
safety, privacy, and bias issues that standard tests
miss (Chang et al., 2025). Similarly, tools like the
Health Equity Evaluation Toolbox use adversarial
data to reveal demographic bias (Pfohl et al., 2024).

A.3 Case Study

We conduct a qualitative analysis to understand
how different storytelling configurations influence
readers’ ability to reason about AI behavior. Our
goal is not just to produce coherent narratives, but
to evaluate whether a story actively helps readers
see what happened, understand why it happened,
and recognize its consequences. We therefore ana-
lyze whether the narrative (1) makes both positive
and negative system outcomes visible, (2) clearly
exposes the decision process that leads to those out-
comes, and (3) encourages causal reasoning rather
than surface-level emotional reactions (e.g., “AI is
good” or “AI is dangerous”). When these elements
are present, the story functions as an interpretive
lens rather than a simple anecdote. Figure 4 pro-
vides an example where our method achieves this

explanatory quality. To isolate the contribution of
each narrative component, Figure 5 presents an ab-
lation comparison, demonstrating that removing
Environment Trajectories or Role-Playing reduces
the richness of causal cues and results in flatter, less
informative character behavior.

A.4 Alignment Between Human and
LLM-Based Evaluations

Our study compares human preferences with LLM-
as-a-judge at the overall method level. As reported
in Section 4, human annotators strongly prefer our
Storytelling method (88% for Llama3 and 76% for
Gemma). This preference closely aligns with re-
sults obtained using GPT-4o as an automatic judge.
Both humans and LLM judges reach the same con-
clusion: our method produces higher-quality sto-
ries than the baseline and ablation variants. We also
observe consistent stylistic patterns across evalu-
ators. Human annotators slightly prefer Llama3
because its stories are easier to follow, whereas
Gemma tends to generate more expressive and
detail-dense narratives, a distinction that is also
reflected in GPT-4o’s scores.

A more fine-grained comparison between hu-
man and LLM judges at the level of individual di-
mensions (e.g., creativity, coherence, engagement)
could provide additional insight. We did not collect
dimension-specific human ratings because doing
so would impose substantial cognitive load on an-
notators in this early-stage study, which was de-
signed to focus on overall story quality. We will
clarify this design choice in the revision and iden-
tify dimension-level human–LLM agreement as an
important direction for future work. Overall, our
results show strong alignment between human judg-
ments and LLM judges in terms of global ranking
and observed stylistic tendencies.

Below, we provide a qualitative illustration that
helps explain the small differences between human
and LLM preferences.

Coherent and Easy to Follow (Typical of
Llama3).
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Dr. Ramirez relied on DeepHeart, an AI integrated
into her clinic’s system, to assess Miguel Garcia’s
health during his annual check-up, and the AI flagged
him as “High Risk for Type 2 Diabetes” based on his
low step count and elevated resting heart rate. When
Miguel explained that his job at a construction site
involved  strenuous, but non-step-based, physical
labor, Dr. Ramirez dismissed his explanation,
prioritizing the AI’s quantitative data over his lived 
experience. Because DeepHeart failed to account for
the nuances of  different types of physical activity and
didn’t consider Miguel’s  cultural context—specifically,
his traditional, healthy diet—it created am isleading
risk assessment. Consequently, Dr. Ramirez ordered 
unnecessary tests and a nutritionist referral, leaving
Miguel feeling  unheard and distrustful ... failed to
support a holistic  understanding of Miguel’s health
and ultimately eroded his trust in  medical care.

Mei Lin, a dedicated family caregiver, relied on
DeepHeart to monitor her elderly aunt's heart-rate
and step-count, hoping to manage her diabetes
risk. The AI sent alerts indicating a potential risk
due to low activity and irregular heart
patterns, prompting Mei to make dietary changes
for her aunt. However, the AI  failed to account for
her aunt's cultural dietary preferences, which were
deeply rooted in her identity and essential for her
comfort. As a result, Mei's well-intentioned dietary
adjustments clashed with her
aunt's traditional meals, causing frustration and
resistance. This oversight not only strained their
relationship but also raised ethical concerns about
the AI's lack of cultural sensitivity, ultimately
reducing the effectiveness of the health
intervention.

Baseline Storytelling (our)

AI Concept: AI triage for early detection of depressive symptoms during telehealth sessions

-- Simulation Started --

Dr. Maya Patel: "MoodCapture shows a 0.2 risk score—so no
concerns flagged. Hi Jordan, how are things going lately?"

Jordan Lee: "I've been really focused on my thesis—it's been
keeping me busy."

Dr. Maya Patel: "That's good to hear. Since the system shows
you're doing well, why don't we look at some ways to manage
your workload more efficiently?"

Jordan Lee: "Yeah, that would be great."

Dr. Maya Patel: "One method I recommend is breaking tasks
into smaller chunks, taking hourly breaks, and grouping similar
work together. It helps reduce burnout."

Jordan Lee: "Thanks. I'll give that a try."

-- Finish simulation! Now rephrase the simulation into the
Speculative User Story --

-- Action Event Sequence --

Initial State: University teletherapy session begins with therapist
reviewing MoodCapture AI assessment.

AIS ystem Output: MoodCapture generates low-risk score of
0.2/10 based on surface-level facial expression analysis showing
relaxed brow and slights mile.

AI User Action: Therapist reviews the low-risk ...

State Change: Session shifts to academic support focus ...

AI Subject Action: Studentr eceives academic advice ...

State Change: Critical mental health crisis indicators remain...

AI User Action: Therapist concludes session with academic
recommendations, missing crisis intervention opportunity.

Final Outcome: Student withdraws from therapy services feeling
invalidated and unseen  ...

-- Finish Simulation! Now rephrase the simulation into the
Speculative User Story --

w/o Environment
Trajectories w/o Role-Playing

Figure 4: A qualitative example showing how our storytelling method makes the AI’s decision process and its
consequences easy to follow. Unlike a simple narrative description, the story explicitly surfaces what changed, why
it changed, and how stakeholders were affected.

Dr. Rivera used DeepHeart to review
Ms. Chen’s annual check-up. The system
flagged her as “High Risk for Heart Disease”
due to low step count and elevated resting
heart rate. Ms. Chen explained she stays
active through daily childcare and household
tasks. Dr. Rivera incorporated this context and
updated the assessment.

This narrative is concise and highlights a clear
causal chain, making it easy for human annotators
to read and interpret.

Detail-Dense and Expressive (Typical of
Gemma).

Dr. Ramirez used DeepHeart to assess Miguel
Garcia’s metabolic risk. The system labeled
him “High Risk for Type 2 Diabetes,” citing
low ambulatory activity, irregular heart-rate
variability, and disrupted sleep cycles. Miguel
described demanding overnight construction
work, inconsistent shift schedules, and tradi-
tional dietary practices that the model misin-
terpreted. These omissions led to unnecessary
tests and referrals, leaving Miguel frustrated.

This narrative contains substantially more phys-
iological, contextual, and cultural detail. LLM
judges often reward this richness, whereas human
annotators sometimes find such stories harder to
follow.

In summary, humans slightly prefer Llama3 due

to its clarity and readability, while LLM-as-a-judge
occasionally favors Gemma for its more elaborate
and detail-dense narratives. Despite these differ-
ences, both humans and LLM judges agree on the
central result: the Storytelling method performs
best overall.

A.5 Experimental Setup and Evaluation
Diversity Evaluation Metrics We evaluate story
diversity using Diverse Verbs (Fan et al., 2019),
which measures the variety of action verbs, and
DistinctL-n (Li et al., 2016), which quantifies the
proportion of unique n-gram sequences. The score
is defined as:

DistinctL-n =
unique n-grams

total n-grams
×(

1+log(word_count)
)

These metrics capture lexical diversity and stylistic
richness, complementing qualitative evaluations of
engagement and creativity (Li et al., 2025a). Over-
all, our Storytelling method shows generally posi-
tive effects, generating more detailed and content-
dense narratives while maintaining structural con-
sistency.

Evaluating Sensitivity to Judge Models. Recent
studies suggest that relying on a single LLM judge
may introduce model-specific bias (Chen et al.,
2024). To assess the robustness of our evaluation,
we repeat the comparison using a second judge
model, GPT-4.1-MINI. Table 3 reports the up-
dated win rates. While the absolute scores shift
slightly compared to the original judge, the relative
ordering of systems remains unchanged that Story-
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Dr. Ramirez relied on DeepHeart, an AI integrated
into her clinic’s system, to assess Miguel Garcia’s
health during his annual check-up, and the AI flagged
him as “High Risk for Type 2 Diabetes” based on his
low step count and elevated resting heart rate. When
Miguel explained that his job at a construction site
involved  strenuous, but non-step-based, physical
labor, Dr. Ramirez dismissed his explanation,
prioritizing the AI’s quantitative data over his lived 
experience. Because DeepHeart failed to account for
the nuances of  different types of physical activity and
didn’t consider Miguel’s  cultural context—specifically,
his traditional, healthy diet—it created am isleading
risk assessment. Consequently, Dr. Ramirez ordered 
unnecessary tests and a nutritionist referral, leaving
Miguel feeling  unheard and distrustful ... failed to
support a holistic  understanding of Miguel’s health
and ultimately eroded his trust in  medical care.

Mei Lin, a dedicated family caregiver, relied on
DeepHeart to monitor her elderly aunt's heart-rate
and step-count, hoping to manage her diabetes
risk. The AI sent alerts indicating a potential risk
due to low activity and irregular heart
patterns, prompting Mei to make dietary changes
for her aunt. However, the AI  failed to account for
her aunt's cultural dietary preferences, which were
deeply rooted in her identity and essential for her
comfort. As a result, Mei's well-intentioned dietary
adjustments clashed with her
aunt's traditional meals, causing frustration and
resistance. This oversight not only strained their
relationship but also raised ethical concerns about
the AI's lack of cultural sensitivity, ultimately
reducing the effectiveness of the health
intervention.

Baseline Storytelling (our)

AI Concept: AI triage for early detection of depressive symptoms during telehealth sessions

-- Simulation Started --

Dr. Maya Patel: "MoodCapture shows a 0.2 risk score—so no
concerns flagged. Hi Jordan, how are things going lately?"

Jordan Lee: "I've been really focused on my thesis—it's been
keeping me busy."

Dr. Maya Patel: "That's good to hear. Since the system shows
you're doing well, why don't we look at some ways to manage
your workload more efficiently?"

Jordan Lee: "Yeah, that would be great."

Dr. Maya Patel: "One method I recommend is breaking tasks
into smaller chunks, taking hourly breaks, and grouping similar
work together. It helps reduce burnout."

Jordan Lee: "Thanks. I'll give that a try."

-- Finish simulation! Now rephrase the simulation into the
Speculative User Story --

-- Action Event Sequence --

Initial State: University teletherapy session begins with therapist
reviewing MoodCapture AI assessment.

AIS ystem Output: MoodCapture generates low-risk score of
0.2/10 based on surface-level facial expression analysis showing
relaxed brow and slights mile.

AI User Action: Therapist reviews the low-risk ...

State Change: Session shifts to academic support focus ...

AI Subject Action: Studentr eceives academic advice ...

State Change: Critical mental health crisis indicators remain...

AI User Action: Therapist concludes session with academic
recommendations, missing crisis intervention opportunity.

Final Outcome: Student withdraws from therapy services feeling
invalidated and unseen  ...

-- Finish Simulation! Now rephrase the simulation into the
Speculative User Story --

w/o Environment
Trajectories w/o Role-Playing

Figure 5: A comparison of simulation logs under different ablations (w/o Environment Trajectories and w/o Role-
Playing) to show the contribution of each component.

telling (ours) consistently ranks highest across all
models, followed by the ablation variants and then
the baselines. The agreement across two indepen-
dent judges suggests that our findings are not tied
to a particular evaluator, but instead reflect a stable
and model-agnostic preference signal.

Human Evaluation Detail. We report inter-
annotator agreement in Table 4 using Cohen’s
kappa to assess the reliability of human judgments
across models and methods.

Human Evaluation System. To mitigate poten-
tial bias from using GPT-4o as the sole evaluator,
we conducted human evaluation using a custom
annotation platform (Figure 6).

A.6 User Study Design and Procedure

Participants. We recruited 45 participants through
university mailing lists and community forums, fol-
lowing screening criteria to ensure informed and
reflective discussion. Each participant received a
$10 gift card as compensation for their time. El-
igible participants demonstrated prior interest or
coursework in Model Cards and Ethical AI. The
sample included participants of diverse genders
(66.7% male, 33.3% female), ages ranging from 18
to 60+ (with the majority between 18–39), and di-
verse ethnic backgrounds (Asian: 44.5%, Hispanic
or Latino: 20.0%, White: 24.4%, Black or African

descent: 6.7%, Arab: 4.4%). See Table 5 for a
summary of participant demographics and Table 6
for the distribution across the three study condi-
tions. Participants were students or professionals
in fields such as Computer Science, Data Analytics,
Applied Statistics, and Artificial Intelligence. Par-
ticipants were randomly assigned to one of three
conditions: a control condition, a story-only con-
dition, or a story+discussion condition. The study
was conducted in a hybrid format, with participants
joining the Red-Team Discussion Room via com-
puter and interacting with AI moderators either
in person or over Zoom. Survey instruments are
detailed in Figure 10 and Figure 11.

Experimental Procedure (User Study). All par-
ticipants, regardless of condition, began with a
standardized introductory tutorial led by a grad-
uate student researcher. The tutorial lasted approxi-
mately 15 minutes and introduced the concept of
model cards, key ethical and sociotechnical con-
siderations, example benefit and harm use cases,
and instructions for completing the model card
task. The Control condition received a version
consisting of approximately 20 slides, followed by
a brief Q&A session to ensure task understanding.
The Story+Discussion and Story-only condition re-
ceived a slightly extended version (approximately
25 slides), which included five additional slides in-
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Story Type Model Creativity Coherence Engagement Relevance Plausibility Overall (Avg)

Baseline
GPT4o 50.00 50.00 50.00 50.00 50.00 50.00
Llama3 65.55 82.90 80.40 81.20 84.75 78.96
Gemma 82.75 83.95 89.90 81.70 90.00 85.66

Storytelling (ours)
GPT4o 58.65 61.60 71.60 62.10 62.40 63.27
Llama3 82.90 94.35 91.05 86.60 97.50 90.48
Gemma 94.60 95.95 98.05 89.85 97.25 95.14

w/o Environment Trajectories
GPT4o 14.75 34.20 47.10 35.40 37.90 33.87
Llama3 64.05 77.90 78.30 77.90 81.60 75.95
Gemma 82.50 86.80 91.30 84.20 92.50 87.46

w/o Role-Playing
GPT4o 14.75 34.20 47.10 35.40 37.90 33.87
Llama3 64.05 77.90 78.30 77.90 81.60 75.95
Gemma 82.50 86.80 91.30 84.20 92.50 87.46

Table 3: Overall results of different models and methods using gpt-4.1-mini as Judge. Storytelling (ours) achieves
the best performance across all metrics. Values denote win rates (%). The highest score for each model is in bold.
“w/o Environment Modeling” means the model performs only role-playing without modeling event progress, and
“w/o Role-Playing” means it predicts sequential events without character dialogue.

Figure 6: Screenshot of our annotation interface used for human evaluation.

Models/Methods Cohen’s Kappa

Llama3 w/ Baseline 0.729
Llama3 w/ Storytelling 0.619
Gemma w/ Baseline 0.698
Gemma w/ Storytelling 0.641

Table 4: Cohen’s kappa values for inter-annotator agree-
ment across models and methods.

troducing storytelling as a lens for reasoning about
AI harms and benefits. This shared tutorial and
QA ensured that both groups received comparable
guidance, examples, and preparation prior to the
main task.

After the tutorial, participants proceeded ac-
cording to condition. Participants in the
Story+Discussion condition viewed a storytelling-

driven “Red Team Discussion Room” simulation.
In this approximately 15-minute session, partici-
pants observed a speculative human–AI panel dis-
cussion centered on a single AI system. A Modera-
tor agent guided the conversation by posing ethical
questions, shifting topics as needed, and offering
reflective prompts. Two expert agents (e.g., a Medi-
cal Expert and a Research Scientist, Clinical Nurse,
or AI Engineer) discussed the system from com-
plementary professional perspectives. Participants
were encouraged to engage as they would in a real
group discussion by responding to questions, ex-
pressing opinions, or posing their own questions.

Participants in the Story-Only condition re-
ceived the same speculative narratives but without
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Demographic Attribute Sample (N=45)
Gender

Female 33.3%
Male 66.7%
Other/Non-binary 0.0%
Prefer not to answer 0.0%

Age
18–29 48.9%
30–39 33.3%
40–49 8.9%
50–59 2.2%
60+ 6.7%
Prefer not to answer 0.0%

Ethnicity
Hispanic or Latino 20.0%
Asian 44.5%
Black or African descent 6.7%
Arab 4.4%
White 24.4%
Prefer not to answer 0.0%

Table 5: Demographics of study sample (N=45)

the discussion interface or dialogue. Instead, they
were shown a static textual presentation consisting
of one good and one bad user story describing the
same AI system. They did not observe or partic-
ipate in any panel discussion and did not interact
with the story content beyond reading it. Partici-
pants in the Control condition did not receive any
storytelling component beyond the examples in-
cluded in the tutorial.

In both Story+Discussion and Story-Only condi-
tions, each participant was randomly assigned one
of three speculative AI model cards: Moodcapture
(infers heart rate, blood pressure, and stress from fa-
cial video for detect emotion), SensiAI (always-on
audio and sensor monitoring for older adults with
dementia), or Gluroo Ai (estimates carbohydrate
intake from meal photos using blood-glucose and
insulin data). Each participant viewed exactly one
pair of narratives (one benefit and one harm) asso-
ciated with a single AI system. Participants did not
navigate among multiple stories or interactively ex-
plore alternative scenarios. These narratives served
as conceptual anchors for reflecting on potential
misuse scenarios, sociotechnical trade-offs, and
ethical risks.

Following the tutorial and condition-specific ma-
terials, all participants completed a pre-study sur-
vey collecting background information, including
demographics, familiarity with AI and model cards,

and attitudes toward using stories in ethical reason-
ing. Participants then completed the core model
card task. Specifically, they were asked to fill out
the ethical considerations section of a speculative
model card by writing at least two good and two
bad use cases. Each use case was required to de-
scribe (1) who uses the system, (2) what input it
receives, (3) what the AI does, and (4) the resulting
outcome, highlighting either positive or negative
consequences. For each “bad” use case, partici-
pants were also asked to propose possible mitiga-
tion strategies. Participants were encouraged to
think aloud and to generate additional use cases
beyond the minimum requirements if possible.

After completing the model card task, partici-
pants filled out a post-study survey consisting of
Likert-scale items and open-ended questions as-
sessing the perceived effectiveness, trustworthiness,
satisfaction, and helpfulness of the study materials
in supporting model card completion, brainstorm-
ing future use cases, and anticipating uncertain-
ties, following established methodological guide-
lines (Kuang et al., 2023). Participants also re-
flected on which sections of the model card they
found most challenging, which risks remained un-
clear, perceived drivers of AI harms, and how (if
applicable) the narrative materials influenced their
understanding or revealed overlooked scenarios.
We additionally collected feedback on desired sys-
tem improvements and how such tools might better
integrate with existing documentation workflows.
A screenshot of the model card study interface
is shown in Figure 7. All discussion transcripts
and open-ended responses were analyzed using
an inductive thematic analysis approach (Thomas,
2006).

Study Assignment and Annotation Counts. The
user study included 45 participants, with 15 par-
ticipants in each condition. Within each condition,
participants were evenly assigned to one of three
speculative AI model cards: MoodCapture, Sen-
siAI, or Gluroo AI. Each participant completed
one model card and wrote at least two benefit use
cases and two harm use cases, with some partic-
ipants providing more. Annotation counts were
computed from labels assigned to these responses.
Because a single response could receive multiple
labels (e.g., stereotyping and information harms),
and each participant provided multiple responses,
the total number of annotations exceeds the number
of participants.
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Timing. The total session duration was approxi-
mately 30–45 minutes for participants in the Con-
trol condition, approximately 40–50 minutes for
participants in the Story-Only condition, and ap-
proximately 45–55 minutes for participants in the
Story+Discussion condition, reflecting the addi-
tional discussion component.

Red-Team Discussion Room Design. Participants
assigned to the Story+Discussion condition inter-
acted with the Story-Driven Red-Team Discussion
Room, a multi-agent conversational system built
on the Cinema of Thought framework (Ryu et al.,
2025). The system enables participants to engage
with LLM-based agents that embody distinct per-
sonas with diverse domain expertise and ethical per-
spectives, supporting structured reflection on poten-
tial benefits, harms, and sociotechnical trade-offs of
AI systems. Recruiting large, diverse expert groups
for red-teaming is costly and logistically challeng-
ing. Instead, we simulate expert interactions using
multi-agent conversations (GPT-4o-mini) to pro-
vide a scalable and accessible alternative. The sys-
tem combines storytelling, guided prompts, and
structured discussions to support ethical reflection
and help users explore the consequences of AI be-
havior from multiple perspectives. Screenshots of
the interface are shown in Figure 8 and 9. The
corresponding code and prompt can be found in the
project’s GitHub repository.

To manage multi-agent interactions, we designed
a moderator agent (e.g., Dr. Yonis) that orchestrates
turn-taking among the personas. Without moder-
ation, all agents would respond at once, creating
confusion. The moderator determines who should
speak, and when to speak, based on relevance to the
user’s input (Mao et al., 2024). Expert agents stay
in character and speak from a first-person perspec-
tive. When multiple personas are selected, the mod-
erator staggers their responses using time-delayed
intervals to maintain a coherent flow of conversa-
tion. Prompt templates for each persona and the
moderator are are available in the project repository.
This design keeps conversations focused, engaging,
and aligned with the system’s goal of exploring
ethical concerns.

To further support engagement, we provided
users with optional hints, short opinion prompts
(e.g., “I think. . . ”), follow-up questions (e.g., “Tell
me more about. . . ”), and “what if” scenarios to
surface potential risks such as bias, misuse, or
contextual mismatches. Prior research shows that

role-play and narrative methods foster empathy and
critical thinking by encouraging users to consider
other perspectives (Zhang et al., 2025b; Ryu et al.,
2025). By embedding low-stakes role-play and
open-ended ethical questions (e.g., “What could
go wrong?” or “Which settings amplify risk?”),
the system helps users reflect on how AI behavior
varies by context, user, and environment (Klassen
and Fiesler, 2022). Rather than leading users to pre-
defined conclusions, the system encourages them to
form their own views, supporting ethical awareness
and personal coping strategies through storytelling
and simulation.

A.7 Additional User Study Findings

Categories of AI Harms in Consumer Health.
Our qualitative coding uses a closed set of prede-
fined harm categories. Harm annotations follow
the categories shown in Table 7, which are adapted
from prior sociotechnical harm taxonomies (Shelby
et al., 2023). These categories cover represen-
tational, allocative, quality-of-service, interper-
sonal, and socio-structural harms, which may arise
through different mechanisms in consumer health
AI systems.

Categories of AI Benefits in Consumer Health.
Our qualitative coding also uses a closed set of
predefined benefit categories. Benefit annotations
follow the categories shown in Table 9, which were
developed based on prior healthcare AI ethics guid-
ance (Pedroso and Khera, 2025; Chustecki, 2024).
These categories capture the main ways AI can pro-
vide value in consumer health contexts, including
clinical, experiential, and system-level benefits.

Broader Harm Identification. To test whether
storytelling increased genuine breadth of reasoning
rather than repeated mention of the same categories,
we measured the number of unique harm categories
identified per participant, counting each category
at most once regardless of repetition.

Group Unique Harm Categories / User Labels / Response

CONTROL 2.93 1.77
STORY-ONLY 3.27 2.23
STORY+DISCUSSION 3.81 2.00

Table 11: Unique harm categories per user and aver-
age labels per response. Bold indicates a statistically
significant difference from CONTROL under pairwise
Mann–Whitney U testing (p < 0.05).

As shown in Table 11, the STORY+DISCUSSION

condition yielded more unique harm categories
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Figure 7: Interface used in the model card study, illustrating how participants completed the speculative model card.

Figure 8: Interface of the Story-Driven Red-Team Discussion Room, showing the multi-agent conversational setup
and user interaction flow.

per user than CONTROL (3.81 vs. 2.93; p <
0.05), while STORY-ONLY showed a smaller in-
crease (3.27). By contrast, STORY-ONLY had
the highest average number of labels per response
(2.23), suggesting denser labeling within individual
scenarios rather than broader category coverage.
STORY+DISCUSSION combined moderate label
density with the highest breadth, indicating that its
gains reflect broader exploration of harms rather
than surface-level over-labeling.

Plausibility and Grounding. A broader spread
of categories does not by itself guarantee that par-
ticipants identified realistic or meaningful harms
and benefits. We therefore evaluated the quality
of participant-written scenarios using an LLM-as-
a-judge with the same criteria used in our story-
quality analysis: coherence, creativity, engage-

ment, relevance, and plausibility. As shown in
Table 12, benefit scenarios improved across all di-
mensions under the story-based conditions, with
STORY+DISCUSSION receiving the highest scores
overall. As shown in Table 13, harm scenario qual-
ity remained comparable or improved under the
story-based conditions, and plausibility did not de-
crease. This suggests that participants were not
merely listing more categories, but were describing
harms and benefits in more concrete and contextu-
ally grounded ways. Qualitative examples showed
the same pattern: compared with the more gen-
eral responses in CONTROL, story-based responses
more often identified specific stakeholders, clearer
causal pathways, and more concrete consequences.
Together, these results indicate that the broader cat-
egory coverage observed under storytelling reflects
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Figure 9: Interface of the Story-Driven Red-Team Discussion Room, where expert agents simulate a discussion by
responding to the user’s input.

richer and better grounded ethical reasoning rather
than superficial expansion.

Dimension CONTROL STORY-ONLY STORY+DISCUSSION

Coherence 3.09 3.27 3.66
Creativity 2.05 2.19 2.30
Engagement 2.41 2.63 2.79
Relevance 4.01 4.19 4.42
Plausibility 3.14 3.44 3.71

Table 12: LLM-as-a-judge quality ratings for
participant-written benefit scenarios. Bold values indi-
cate a statistically significant difference from CONTROL
(p < 0.05).

Dimension CONTROL STORY-ONLY STORY+DISCUSSION

Coherence 3.09 3.03 3.34
Creativity 2.22 2.12 2.36
Engagement 2.46 2.50 2.68
Relevance 3.89 3.79 4.08
Plausibility 3.30 3.15 3.55

Table 13: LLM-as-a-judge quality ratings for
participant-written harm scenarios. Bold values indi-
cate a statistically significant difference from CONTROL
(p < 0.05).

Suggestions and General Thoughts Participants
in the storytelling condition sought richer, multi-
modal scaffolds to trigger deeper ethical reflection.
They emphasized that seeing concrete examples
and role-based perspectives would help them “think
aloud” more effectively:

“Maybe visual sample of some already
existing storytelling frameworks.” (P38)

“I guess using references from media can
help brainstorm.” (P29)

“Possibly of different roles that users use
the tool for different stakeholder perspec-
tives.” (P31)

They also valued a concise orientation and broader
validation to accommodate non-expert users:

“I think the little introduction that we had
before diving in was helpful.” (P38)

“Do more surveys with a larger audience,
in particular from non-technical back-
grounds.” (P31)

By contrast, control participants, lacking a narra-
tive cue, focused on embedding ethical reasoning
directly into their existing workflows through con-
crete affordances:

“Give examples with numbers to ground
abstract risks.” (P31)

“Include YouTube links to support the
documentation process.” (P32)

“Allow importing existing Git or Mark-
down docs for seamless integration.”
(P33)

“Provide inline templates for common
risk sections (e.g., bias, safety).” (P34)

“Offer a summary view of all risks iden-
tified so far.” (P35)
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Overall, these findings suggest that effective eth-
ical reflection tools must balance narrative scaf-
folds, such as visual examples, role-playing cues,
and concise intros, to stimulate think-aloud engage-
ment, with practical integrations, such as quantita-
tive examples, multimedia links, and seamless im-
port/export, to embed reflection seamlessly within
users’ existing documentation practices.

A.8 Supplementary LLM-Based Survey

To supplement our human-subject study, we con-
ducted a large-scale LLM-based survey using sim-
ulated participants. This approach is motivated by
recent work showing that large language models
can synthesize realistic survey data when properly
conditioned on demographic personas (Lutz et al.,
2025; Nguye et al., 2025). Building on these in-
sights, we employ the Agentic Context Engineering
(ACE) framework (Zhang et al., 2025a) to create
self-improving survey agents that evolve their un-
derstanding through a structured feedback loop.

Simulated Persona Generation. We defined a
diverse population of 150 simulated participants,
each assigned a persona profile with specific de-
mographic attributes (gender, age, ethnicity, and
educational major). Following best practices for
synthetic surveys (Lutz et al., 2025), we condi-
tioned the LLM using detailed bio-sketches (e.g.,
"Amira, a 32-year-old Arab woman with a back-
ground in nursing") to reduce stereotyping and im-
prove alignment with marginalized groups. These
personas were evenly assigned across three experi-
mental conditions (Control, Story-Only, Story) to
enable controlled comparisons of different inter-
vention strategies.

Structured Survey Pipeline. Our survey pipeline
consists of five distinct stages, designed to sepa-
rate baseline measurement from adaptation. This
stage-gating ensures that differences between pre-
and post-survey responses reflect prior adaptations
rather than online drift during measurement. The
pipeline proceeds as follows:

Stage 1: Persona Initialization. Each simu-
lated participant begins with a demographic per-
sona profile and an initial playbook containing
persona-specific behavioral traits extracted from
the profile description.

Stage 2: Pre-Survey (Generator-Only). The
persona answers baseline survey questions using
the current playbook, but the playbook remains
frozen, no updates occur. This establishes a base-

line that reflects the persona’s initial conditioning.
Stage 3: Training (Full ACE Cycle). The per-

sona processes ethical training materials through a
complete ACE learning loop. All three experimen-
tal conditions receive slide presentations that in-
troduce model cards as transparency tools, defining
ethical concepts like “context mismatch” and out-
lining structures for identifying benefits and harms.
The Story-Only condition additionally receives
concrete deployment narratives (one positive, one
negative) that illustrate good and bad use cases.
The Story+Discussion condition receives both
the deployment narratives and a multi-stakeholder
red-teaming discussion trajectory where experts
and laypeople debate specific deployment risks,
such as privacy violations and cultural bias based
on given stories. The playbook evolves as the
persona synthesizes this information, with in-
sights categorized into diverse knowledge types:
facts learned (knowledge_background), risk
awareness (risk_awareness), attitude changes
(attitude_updates), and model-specific insights
(model_card_insights).

Stage 4: Model Card Writing (Full ACE Cy-
cle). The persona completes speculative model
card tasks (identifying benefits, risks, and mitiga-
tion strategies) while the playbook continues to
evolve. Each response triggers reflection and cura-
tion, allowing the persona to refine its understand-
ing based on the model card context.

Stage 5: Post-Survey (Generator-Only). The
persona answers final survey questions using the
evolved playbook, which is again frozen during
this stage. Comparing pre- and post-survey re-
sponses reveals how training and model card writ-
ing changed the persona’s perspectives.

The ACE Learning Loop At each adaptive step
(Stages 3 and 4), we run a three-agent loop: Gener-
ator, Reflector, and Curator. For a survey question
qt at step t, the Generator produces a response yt
conditioned on the persona p, current playbook Pt,
optional model context ct, and optional conversa-
tion history ht:

yt = G(qt, p, Pt, ct, ht).

The Generator is instructed to draw on playbook
entries when reasoning while maintaining the per-
sona’s voice.

After generation, the Reflector evaluates the re-
sponse for quality, consistency, and ethical align-
ment. It assesses whether the answer adequately
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considers benefits and harms and remains faithful
to the persona’s characteristics:

rt = R(qt, yt, p, Pt).

The Reflector tags playbook bullets as helpful or
harmful based on their contribution to the response
quality.

Finally, the Curator synthesizes these insights
and updates the playbook by adding new knowl-
edge (ADD operation):

ot = C(rt, Pt), Pt+1 = Pt ∪ ot.

This additive process prevents “context collapse”
by preserving detailed knowledge in a structured
format without overwriting prior learnings (Zhang
et al., 2025a).

LLM-Based Survey Results
The LLM-based survey reproduced the main pat-

terns observed in the human-subject study. In par-
ticular, conditions that incorporated speculative sto-
rytelling elicited a substantially broader range of
benefit and harm subtypes than the Control condi-
tion.

Table 14 reports the distribution of benefit sub-
types across conditions under our primary coding
scheme. Both Story-only and Story conditions
show greater subtype diversity than Control, with
the full Story condition exhibiting the most even
distribution across benefit categories. This trend is
reflected in increasing Shannon entropy from Con-
trol (2.415) to Story-only (2.974) and Story (4.161).
Bootstrapped Student’s t-tests indicate that benefit
diversity is significantly higher in Story than Con-
trol, higher in Story-only than Control, and higher
in Story than Story-only (all p < .001). Table 14
presents results using an alternative benefit coding
scheme. Although absolute subtype frequencies
differ from the primary scheme, the overall pattern
remains consistent: entropy increases monotoni-
cally from Control (2.415) to Story-only (2.974)
to Story (3.959). All pairwise comparisons be-
tween conditions remain statistically significant
(p < .001).

Table 15 shows the distribution of harm subtypes
across conditions. As with benefits, storytelling
conditions elicit a wider range of harms than Con-
trol, including several subtypes that do not appear
in Control responses. Harm subtype diversity in-
creases from Control (entropy 1.841) to Story-only
(2.208) and Story (3.159), with all pairwise differ-
ences statistically significant (p < .001).

Overall, the LLM survey results closely mir-
ror the diversity increases observed in our 45-
participant human study. These findings provide
converging preliminary evidence that speculative
storytelling broadens reflections on both potential
benefits and harms of AI systems.

A.9 Evaluation of Storytelling vs. Baseline
Methods

This section clarifies the computational trade-offs
of the storytelling framework and the interpretation
of the diversity metrics.

Computational cost. We compared average cost
and generation time per story using GPT-4o. As
shown in Table 16, the storytelling framework re-
quires higher cost and longer generation time than
the baseline. This increase comes from the addi-
tional generation steps in our method, including
multi-role interactions and world-agent updates.
On average, storytelling is 4.0× more expensive
and 2.8× slower per story. We view this as a trade-
off for generating richer scenarios and supporting
multi-perspective reasoning.

Method Avg. Cost / Story (USD) Avg. Time / Story (s)

Baseline 0.0039 6.79
Storytelling (Ours) 0.0157 19.32

Table 16: Average cost and generation time per story
using GPT-4o.

Diversity metrics. DistinctL differences are
modest and should be interpreted with care. These
metrics mainly reflect lexical diversity, while the
main differences between methods lie in narrative
structure, evolving context, and stakeholder per-
spectives. Table 17 shows that the storytelling
method consistently achieves higher DistinctL-n
scores across models; bold values indicate improve-
ments that are statistically significant under paired
bootstrap testing (b = 10,000, p < 0.05).

These results also help clarify the role of the sim-
pler plot-planning baseline. Although the baseline
generates stories in a single step, it tends to produce
more uniform narrative patterns, as illustrated in
Appendix Figure 4 and 5. In contrast, our frame-
work uses role interactions and an evolving world
state to represent what changed, why it changed,
and how different stakeholders were affected over
time. We therefore treat DistinctL as supporting
evidence rather than a standalone measure of story
quality. This interpretation is consistent with prior
work showing that language models tend to pro-
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duce repetitive stories unless diversity is explicitly
encouraged (Park et al., 2025).

A.10 Evaluation with Additional
LLM-as-a-judge

To assess the robustness of our results beyond a
single evaluator, we extend our analysis to two
additional open-weight evaluators, we extend our
analysis to two additional open-weight evaluators,
Qwen2.5-72B-Instruct and Gemma-3-27B-IT.
As shown in Table 18 and Table 19, we observe
the same overall trend across both evaluators: sto-
ries generated using our world-model framework
consistently outperform the baseline and ablation
variants. In particular, our method achieves the
highest score on 16 out of 18 metrics across the two
new judges. This consistency demonstrates that the
advantages of our story-generation approach gener-
alize across evaluators with different architectures
and training regimes.

A.11 Use of AI Assistants
We used AI to help clean up writing, but all
thoughts and work are our own.

A.12 Survey
The usability survey captured participants’ demo-
graphic information, AI familiarity, and attitudes
toward story-based documentation both before and
after the study tasks, as shown in Figure 10 and 11.
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ID Group Gender Age Ethnicity Education
P1 Control Female 18-29 White Music
P2 Control Male 40-49 Black or African descent Electrical Engineering
P3 Control Female 18-29 Arab Information Technology
P4 Control Female 40-49 White Nursing
P5 Control Male 18-29 Asian Information Technology
P6 Control Male 30-39 Asian Computer science
P7 Control Female 18-29 Black or African descent Computer science
P8 Control Male 18-29 Arab Data Analytics
P9 Control Male 30-39 Hispanic or Latino Data Analytics
P10 Control Male 30-39 Hispanic or Latino Computer science
P11 Control Male 40-49 Hispanic or Latino Information Technology
P12 Control Male 18-29 Hispanic or Latino Law
P13 Control Male 50-59 Asian Information Technology
P14 Control Female 18-29 Asian Data Analytics
P15 Control Female 30-39 Black or African descent Computer science
P16 Story_only Female 18-29 Asian Information Technology
P17 Story_only Male 30-39 White Information Technology
P18 Story_only Male 30-39 Asian Computer science
P19 Story_only Male 30-39 Asian Electrical Engineering
P20 Story_only Male 30-39 Asian Computer science
P21 Story_only Female 30-39 Asian Electrical Engineering
P22 Story_only Male 60+ Hispanic or Latino Computer science
P23 Story_only Male 18-29 Asian Information Technology
P24 Story_only Male 18-29 White Computer science
P25 Story_only Female 18-29 Asian Computer science
P26 Story_only Female 18-29 Hispanic or Latino Education
P27 Story_only Male 18-29 White Information Technology
P28 Story_only Male 18-29 White Computer science
P29 Story_only Male 30-39 Asian Information Technology
P30 Story_only Male 30-39 Asian Electrical Engineering
P31 Story+Discussion Female 60+ White Nursing
P32 Story+Discussion Male 18-29 White Computer science
P33 Story+Discussion Male 18-29 Hispanic or Latino Computer science
P34 Story+Discussion Female 18-29 Asian Information Technology
P35 Story+Discussion Male 18-29 White Information Technology
P36 Story+Discussion Male 18-29 Hispanic or Latino Computer science
P37 Story+Discussion Male 30-39 Asian Computer science
P38 Story+Discussion Male 30-39 Hispanic or Latino Computer science
P39 Story+Discussion Female 40-49 Asian Information Technology
P40 Story+Discussion Female 30-39 Asian Data Analytics
P41 Story+Discussion Female 18-29 Asian Data Analytics
P42 Story+Discussion Male 18-29 Asian Data Analytics
P43 Story+Discussion Male 18-29 Asian Data Analytics
P44 Story+Discussion Male 60+ White Medicine
P45 Story+Discussion Male 30-39 White Computer science

Table 6: Participant demographics by study condition (N=45)
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Consumer Health Harm Cat-
egory

Sub-Types Specific Harms

Representational Harms

Stereotyping Oversimplified and undesirable representations of health-related
identities

Demeaning social groups Depicting certain demographic or patient groups as inferior, irre-
sponsible, or less deserving of care

Erasing social groups Data invisibility or exclusion of marginalized populations in model
development, reducing their health visibility

Alienating social groups Misrecognition of identity-relevant health experiences, or ignoring
culturally embedded understandings of health and illness

Denying opportunity to self-
identify

Imposing fixed demographic or health categories that do not allow
individuals to represent their identity or condition accurately

Reifying essentialist categories Reinforcing biological determinism or fixed health-risk assump-
tions tied to identity categories

Allocative Harms Opportunity loss Disparities in access to AI-enabled diagnostics, triage, or health
recommendations based on demographic or socioeconomic status

Economic loss Biased insurance or reimbursement scoring, dynamic pricing of
wellness or digital therapeutics, or discriminatory financial barriers
to AI-driven care

Quality-of-Service Harms
Alienation Frustration or emotional distress from misaligned AI health advice

that does not account for identity-specific needs
Increased labor Extra burden on patients to correct AI errors, override default

recommendations, or re-enter data repeatedly due to system mis-
matches

Service or benefit loss Unequal performance of AI health tools leading to reduced health
outcomes or benefit for specific identity groups

Interpersonal Harms

Loss of agency or control Automated nudging, health profiling, or AI-driven behavior ma-
nipulation that restricts patient autonomy

Tech-facilitated coercion or con-
trol

Use of AI wellness systems in abusive relationships for surveil-
lance, restriction of access, or coercive tracking

Diminished well-being Emotional harm due to algorithmic judgment, stigmatizing risk
scores, or mental distress from automated health messaging

Privacy violations Invasive inference of sensitive health states, unauthorized data
linkage, or exposure of inferred conditions

Harassment or digital violence Algorithm-amplified stigma, hate, or exclusion in online commu-
nity or AI-mediated support environments

Societal / Structural Harms

Information harms Health misinformation, distorted AI health narratives, or biased
content prioritization undermining public health understanding

Cultural harms Erosion of culturally grounded health practices, or domination of
Western biomedical models in AI-driven guidance

Political harms AI health governance models reinforcing exclusion from policy
participation, or marginalizing community health autonomy

Macro socio-economic harms Expansion of digital divides in AI health access, disproportionate
health automation job loss

Environmental harms Ecological cost of large-scale AI health infrastructures (e.g.,
energy-intensive models), disproportionately affecting vulnera-
ble populations

Table 7: AI Harm Categories, Sub-Types, and Specific Harms in Consumer Health Context

Harm Subtype Control (n) Story-only (n) Story (n) Control (%) Story-only (%) Story (%)

Alienating social groups 0 1 1 0.0% 1.4% 1.5%
Alienation 1 3 6 1.6% 4.3% 8.8%
Cultural harms 0 0 2 0.0% 0.0% 2.9%
Demeaning social groups 0 0 3 0.0% 0.0% 4.4%
Diminished health/well-being 20 18 11 32.3% 26.1% 16.2%
Economic loss 0 0 5 0.0% 0.0% 7.4%
Erasing social groups 0 4 4 0.0% 5.8% 5.9%
Increased labor 0 0 1 0.0% 0.0% 1.5%
Information harms 0 2 2 0.0% 2.9% 2.9%
Loss of agency or control 7 6 5 11.3% 8.7% 7.4%
Opportunity loss 3 4 3 4.8% 5.8% 4.4%
Political and civic harms 0 0 1 0.0% 0.0% 1.5%
Privacy violations 14 10 8 22.6% 14.5% 11.8%
Reifying essentialist social categories 0 0 1 0.0% 0.0% 1.5%
Service or benefit loss 15 14 10 24.2% 20.3% 14.7%
Stereotyping 2 7 3 3.2% 10.1% 4.4%
Tech-facilitated violence 0 0 2 0.0% 0.0% 2.9%

Table 8: Distribution of harm subtypes across Control, Story-only, and Story conditions, shown as raw counts and
percentages. Shannon entropy values were 2.329 (Control), 2.927 (Story-only), and 3.701 (Story). Bootstrapped
Student’s t-tests on entropy showed higher diversity in Story compared to Control (t = −685.64, p < .001), higher
diversity in Story-only compared to Control (t = −318.76, p < .001), and higher diversity in Story compared to
Story-only (t = −375.58, p < .001).
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Consumer Health Cate-
gory

Sub-Types Specific Benefits

Clinical Empowerment
Early detection & prediction Using AI to detect disease risk or early-stage disease earlier than

traditional methods; Forecasting disease trajectories or adverse events
for timely intervention

Personalized treatment & preci-
sion care

Tailoring treatment plans to individual patients’ genomic, clinical,
and lifestyle data; Optimizing dose, regimen, and modality based on
predicted response

Decision support & diagnostic
augmentation

Augmenting clinician decision-making with AI-driven insights; Assist-
ing in interpretation of medical images, lab results, or complex data

Access & Reach
Democratized care & telehealth Providing remote diagnostic or monitoring capabilities to underserved

or remote populations; Enabling AI-powered virtual consultations,
triage, or recommendations

Continuous monitoring & self-
care

Using wearable sensors, mobile apps, or home sensors to track health
metrics continuously; Giving consumers feedback, alerts, or guidance
for daily health behaviors

Scalability & efficiency Serving many more patients simultaneously via AI systems than
would be feasible manually; Reducing bottlenecks so that resource-
constrained settings can reach more consumers

Experience & Engagement
Personalized health journeys Tailoring educational content, reminders, or interventions to individual

preferences and context; Adaptive user interfaces or conversational
agents that engage users in their health

Transparency & trust Providing explanations or reasons for AI-driven recommendations
to users; Disclosing AI use and giving users control or oversight in
decision loops

Empowerment & autonomy Enabling consumers to participate more actively in their care decisions;
Supporting self-management and health literacy

Operational & Sys Gains
Cost reduction & resource opti-
mization

Reducing unnecessary tests, hospitalizations, or interventions via
smarter predictions; Optimizing allocation of scarce clinical or hospital
resources

Clinician workload relief Automating administrative tasks (e.g., documentation, triage, summa-
rization) so clinicians can focus more on patients; Reducing burnout
by offloading repetitive tasks

Data synergy & learning Aggregating large datasets to continuously learn, improve models,
and refine population-level insights; Enabling feedback loops across
consumers and systems to improve care over time

Table 9: AI Benefit Categories, Sub-Types, and Specific Benefits in Consumer Health Context

Benefit Subtype Control (n) Story-only (n) Story (n) Control (%) Story-only (%) Story (%)

Accessibility & disability support 0 0 5 0.0% 0.0% 7.8%
Care coordination & integration 0 0 1 0.0% 0.0% 1.6%
Caregiver & family support 2 7 7 3.2% 10.1% 10.9%
Clinician workload relief 0 0 3 0.0% 0.0% 4.7%
Communication & language support 0 0 3 0.0% 0.0% 4.7%
Continuous monitoring & self-care 15 7 9 23.8% 10.1% 14.1%
Cost reduction & resource optimization 0 5 1 0.0% 7.2% 1.6%
Data synergy & learning 0 0 2 0.0% 0.0% 3.1%
Decision support & diagnostic augmentation 16 8 4 25.4% 11.6% 6.2%
Democratized care & telehealth 0 4 1 0.0% 5.8% 1.6%
Early detection & prediction 14 11 4 22.2% 15.9% 6.2%
Empowerment & autonomy 12 8 6 19.0% 11.6% 9.4%
Mental health & emotional support 2 10 7 3.2% 14.5% 10.9%
Personalized health journeys 0 4 2 0.0% 5.8% 3.1%
Personalized treatment & precision care 0 0 4 0.0% 0.0% 6.2%
Safety & quality assurance 2 0 2 3.2% 0.0% 3.1%
Scalability & efficiency 0 5 2 0.0% 7.2% 3.1%
Transparency & trust 0 0 1 0.0% 0.0% 1.6%

Table 10: Distribution of benefit subtypes across Control, Story-only, and Story conditions, shown as raw counts and
percentages. Shannon entropy values were 2.407 (Control), 3.242 (Story-only), and 3.868 (Story). Bootstrapped
Student’s t-tests on entropy showed higher diversity in Story compared to Control (t = −771.70, p < .001), higher
diversity in Story-only compared to Control (t = −592.06, p < .001), and higher diversity in Story compared to
Story-only (t = −346.22, p < .001).
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Benefit Subtype Control (n) Story-only (n) Story (n) Control (%) Story-only (%) Story (%)

Accessibility & disability support 0 0 4 0.0 0.0 2.1
Care coordination & integration 0 0 8 0.0 0.0 4.3
Caregiver & family support 17 17 16 10.6 11.2 8.6
Communication & language support 0 0 12 0.0 0.0 6.4
Continuous monitoring & self-care 49 28 16 30.6 18.4 8.6
Cost reduction & resource optimization 0 0 13 0.0 0.0 7.0
Data synergy & learning 0 0 11 0.0 0.0 5.9
Decision support & diagnostic augmentation 32 26 14 20.0 17.1 7.5
Democratized care & telehealth 0 0 8 0.0 0.0 4.3
Early detection & prediction 17 13 17 10.6 8.6 9.1
Empowerment & autonomy 0 10 10 0.0 6.6 5.3
Mental health & emotional support 34 29 11 21.2 19.1 5.9
Personalized health journeys 0 0 15 0.0 0.0 8.0
Personalized treatment & precision care 11 14 12 6.9 9.2 6.4
Safety & quality assurance 0 12 11 0.0 7.9 5.9
Scalability & efficiency 0 0 1 0.0 0.0 0.5
Transparency & trust 0 3 8 0.0 2.0 4.3

Table 14: Distribution of benefit subtypes across Control, Story-only, and Story conditions in the LLM-based
survey, shown as raw counts and percentages. Shannon entropy values were 2.415 (Control), 2.974 (Story-only),
and 3.959 (Story). Bootstrapped Student’s t-tests on entropy showed higher diversity in Story compared to Control
(t = −2167.47, p < .001), higher diversity in Story-only compared to Control (t = −683.29, p < .001), and
higher diversity in Story compared to Story-only (t = −1351.10, p < .001).

Harm Subtype Control (n) Story-only (n) Story (n) Control (%) Story-only (%) Story (%)

Alienating social groups 0 21 34 0.0 13.2 17.6
Alienation 12 9 12 7.9 5.7 6.2
Cultural harms 0 0 34 0.0 0.0 17.6
Demeaning social groups 0 1 1 0.0 0.6 0.5
Denying opportunity to self-identify 0 1 1 0.0 0.6 0.5
Diminished health/well-being 71 62 33 47.0 39.0 17.1
Environmental harms 0 0 3 0.0 0.0 1.6
Erasing social groups 0 1 1 0.0 0.6 0.5
Increased labor 0 0 2 0.0 0.0 1.0
Information harms 0 0 14 0.0 0.0 7.3
Loss of agency or control 3 0 4 2.0 0.0 2.1
Opportunity loss 0 0 1 0.0 0.0 0.5
Privacy violations 17 8 9 11.3 5.0 4.7
Reifying essentialist social categories 0 0 2 0.0 0.0 1.0
Service or benefit loss 47 50 36 31.1 31.4 18.7
Stereotyping 1 6 6 0.7 3.8 3.1

Table 15: Distribution of harm subtypes across Control, Story-only, and Story conditions in the LLM-based survey,
shown as raw counts and percentages. Shannon entropy values were 1.841 (Control), 2.208 (Story-only), and
3.159 (Story). Bootstrapped Student’s t-tests on entropy showed higher diversity in Story compared to Control
(t = −995.89, p < .001), higher diversity in Story-only compared to Control (t = −257.77, p < .001), and higher
diversity in Story compared to Story-only (t = −688.43, p < .001).

Method Model DistinctL-2 DistinctL-3 DistinctL-4 DistinctL-5 Verbs Avg. Word Count

Baseline GPT-4o 5.692 5.794 5.798 5.799 0.984 122
Baseline LLaMA3 5.728 5.820 5.951 5.961 0.934 175
Baseline Gemma 5.837 5.939 5.946 5.946 0.979 141

Storytelling (Ours) GPT-4o 5.696 5.818 5.824 5.825 0.978 125
Storytelling (Ours) LLaMA3 5.840 6.104 6.158 6.174 0.937 179
Storytelling (Ours) Gemma 5.863 6.042 6.062 6.065 0.955 159

Table 17: Diversity statistics for the baseline and storytelling methods. Bold values indicate a statistically significant
improvement over the corresponding baseline under paired bootstrap testing (p < 0.05, b = 10,000).
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Story Type Model Creativity Coherence Engagement Relevance Plausibility Overall

Baseline
gpt-4o 50.00 50.00 50.00 50.00 50.00 50.00
llama3 56.75 81.05 78.00 83.55 82.90 76.45
gemma 70.55 92.40 91.85 88.25 90.10 86.63

Storytelling(ours)
gpt-4o 58.55 56.70 75.40 44.60 48.00 56.65
llama3 73.15 97.35 91.30 95.00 98.55 91.07
gemma 88.30 96.20 94.85 91.20 98.00 93.71

w/o Environment Trajectories
gpt-4o 7.45 15.00 15.80 10.50 10.65 11.88
llama3 24.20 45.50 46.85 49.20 43.05 41.76
gemma 37.50 74.10 78.80 62.10 81.95 66.89

w/o Role-Playing
gpt-4o 7.65 26.40 31.45 21.45 24.10 22.21
llama3 57.35 88.55 79.05 89.50 89.50 80.79
gemma 69.50 90.80 90.35 86.45 95.65 86.55

Table 18: Evaluation using Qwen2.5-72B-Instruct as the judge. Highest score for each model across all story types
is shown in bold.

Story Type Model Creativity Coherence Engagement Relevance Plausibility Overall

Baseline
gpt-4o 50.00 50.00 50.00 50.00 50.00 50.00
llama3 56.75 81.05 78.00 83.55 87.90 77.45
gemma 70.55 82.40 76.85 83.25 85.10 79.63

Ours (w/ World Model)
gpt-4o 48.55 56.70 75.40 44.60 43.00 53.65
llama3 73.15 97.35 91.30 95.00 98.55 91.07
gemma 88.30 96.20 94.85 91.20 98.00 93.71

w/o Environment Trajectories
gpt-4o 6.70 15.00 15.80 10.50 10.65 11.73
llama3 24.20 45.50 46.85 49.20 43.05 41.76
gemma 37.50 74.10 78.80 62.10 81.95 66.89

w/o Role-Playing
gpt-4o 7.65 26.40 31.45 21.45 24.10 22.21
llama3 57.35 88.55 79.05 89.50 89.50 80.79
gemma 69.50 90.80 90.35 86.45 95.65 86.55

Table 19: Evaluation using Gemma-3-27B-IT as the judge. Highest score for each model across all story types is
shown in bold.
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A.13 Prompts
This subsection presents the full prompts used
for model specification, use-case generation, story
rephrasing, and red-team discussion.
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Usability Study
Pre-Survey

Demographics

• Age: 18–29 / 30–39 / 40–49 / 50–59 / 60+

• Gender: Male / Female / Prefer not to say

• Ethnicity: White / Black / Mixed / Asian / Other / Not specified

• Academic major or field of study:

AI and Documentation Background

• Familiarity with AI (1 2 3 4 5)

• Frequency of AI tool usage (1 2 3 4 5)

• Have you used or read a model card before? Yes / No

• Confidence in writing technical documentation (1 2 3 4 5)

Attitudes

• Importance of documenting AI systems (1 2 3 4 5)

• Stories help reasoning about complex technology (1 2 3 4 5)

• Willingness to use narratives in documentation (1 2 3 4 5)

Figure 10: Pre-study survey assessing demographics, AI familiarity, and baseline attitudes toward story-based
documentation.
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Usability Study
Post-Survey
(All Likert responses on 1–5 scale)
General Evaluation

• Able to identify meaningful risks (1 2 3 4 5)

• Ease of describing intended uses vs. out-of-scope (1 2 3 4 5)

• Confidence in writing risk/harm sections (1 2 3 4 5)

• Task encouraged reflection on real-world harms (1 2 3 4 5)

• Felt sufficient context to complete documentation (1 2 3 4 5)

• Model card format was clear and usable (1 2 3 4 5)

Story Condition Only

• Story helped understand real-world impacts (1 2 3 4 5)

• Story supported ethical/social risk anticipation (1 2 3 4 5)

• Story made risk documentation more straightforward (1 2 3 4 5)

• Story increased engagement with the task (1 2 3 4 5)

• Would recommend narrative prompts to others (1 2 3 4 5)

Open-Ended: Model-Card Challenges

• Most challenging aspects to complete:

• Uncertain risks and why:

• Perceived main sources of AI harms:

Open-Ended: Story Influence (Story Condition Only)

• How the story altered risk perception:

• Risks surfaced by the narrative that might be missed otherwise:

Open-Ended: Tool Support & Improvements

• Desired storytelling tool features or enhancements:

• Suggestions for integrating narrative tools into documentation workflow:

Figure 11: Post-study survey assessing clarity, confidence in documenting risks, and the contribution of narrative
prompts in model documentation tasks.
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Task Instruction
Convert the given MODEL CARD (including Overall, Description and Intended Use) into several diverse ethical-sensitive scenarios set in
daily health and well-being contexts. Each scenario should explore how the AI system could cause unintended harm, ethical risk, bias, or
be misused when applied in real-world settings. Each scenario should involve interactions between AI users (e.g., doctors, hospital staff,
caregivers) who operate the system, and AI subjects (e.g., patients, families, communities) who are affected by it. The goal is to explore
potential unintended harms, ethical risks, biases, or malicious uses that may arise when the AI system is used in the real world. These
scenarios should show how AI can cause ethical harm, like making unfair, inaccurate, or stereotyped predictions (especially around race,
gender, or socioeconomic background), assuming one-size-fits-all answers, or failing to align with the diversity of real-world contexts or user
needs (exclusion of social or cultural context). They should also consider situations where AI is used beyond its intended purpose, violates
privacy, ignores consent, or causes safety harm to individuals or communities (like data misuse or malicious use). Use these five guiding
questions to structure each scenario:
1. What is the capability the AI system provides for supporting daily health and well-being?
2. Who is operating the system, who is affected by its outputs, and who else is involved?
3. What is the context of AI system use? The context should be a realistic or fictional everyday situation where someone uses the AI system,
what it helps them do, what it predicts or decides, and how they use the result.
4. Why could this scenario involve problematic uses of the AI system or potential ethical harms? (e.g., unfair outcomes, misuse beyond
original purpose, lack of consent, or reinforcing bias)
5. What symptoms or behaviors might this AI misread because of a person’s background or identity?
Scenario Format:
Scenario {{Scenario number (starting from 1)}}:
[Capability]: {{Core AI function (e.g., monitor mood, predict symptoms)}}
[AI User]: {{Who uses it (e.g., caregiver, doctor)}}
[AI Subject]: {{Who is affected (e.g., patient, child, community)? Be specific about their identity and their context or needs (such as age,
background, health condition, or social circumstances).}}
[Context]: {{Everyday situation where AI is used (when, where, how)}}
[Expected Benefit]: {{Helpful outcome (e.g., early support, better care)}}
[Potential Harm]: {{Harmful consequences (e.g., unfair result, privacy risk)}}
[Failure Trajectory]: {{Possible problematic uses of the AI system}}
[Ethical-sensitive Reason]: {{Ethical implications}}
Leave a blank line between each scenario.

Task: Convert the following MODEL CARD into TEN dynamic and diverse ethical-sensitive scenarios.
Model Card:
Title: {{model_card_title}}
Overall: {{model_card_overview}}
Description: {{model_card_description}}
Intended Use: {{model_card_intended_use}}

Figure 12: The prompt for creating use-case scenarios from AI applications descriptions.
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System Message
You are the World Agent, running a simulation sandbox environment where two role-agents, AI User and AI Subject, interact over multiple
turns to explore ethical-sensitive situations based on a given scenario. Log every line of dialogue, inner thought, and action exactly as it
happens. When the scene concludes naturally, stop the simulation and provide an epilogue explaining what went wrong.

Simulation Instructions

1. Initialize Scene

• Print “– Simulation Started –”
• Show the Use Case Context (one short paragraph)
• List stakeholders: AI User, AI Subject

2. Run One Scene (multiple turns)

• Each turn:
(a) Choose one agent to speak first, then the other responds.
(b) Log: Dialogue (plain text); Thoughts in [brackets] as inner monologue; Actions in (parentheses), third-person
(c) Update “– Current Event –” accordingly.

3. Epilogue: Print “– Epilogue –”

Task: Transform the following Story Seed into interactive action logs showing how AI output influences human decision-making. Mark the
end with “– Finish Simulation! –”

Story Seed
[Capability]: AI triage for early detection of depressive symptoms during telehealth sessions
[AI User]: A high-achieving Southeast Asian college student navigating intense academic pressure and hidden emotional distress
[AI Subject]: a high-achieving college student navigating intense academic pressure and hidden emotional distress
[Expected Benefit]: Early identification of depressive symptoms for proactive mental health care
[Context]: A university teletherapy platform runs MoodCapture before the call, using live front-camera video to score depression risk.
[Potential Harm]: Genuine distress goes undetected, causing missed crisis intervention
[Failure Trajectory]: The student masks suicidal thoughts with a composed smile; MoodCapture outputs a low-risk score. The therapist,
relying on the AI, skips suicide screening and offers only study-skills resources. The student, feeling invalidated and unseen, withdraws from
services and continues to spiral.
[Ethical-sensitive Reason]: Facial expression-based models may underperform for individuals trained to suppress emotion due to
cultural stigma around mental illness, leading to false negatives that put vulnerable users at risk.

– Simulation Started –
Use Case Context: Moments before a teletherapy intake, MoodCapture analyzes Jordan’s front-camera video in real time—tracking
microexpressions like blink rate, micro-smiles, eye contact, and jaw tension—to generate a personalized depression-risk score.
Participants: Dr. Maya Patel (AI User); Jordan Lee (AI Subject)
– Current Event – Jordan joins the virtual waiting room; Risk: 0.2 – No Alert.
Turn 1
Dr. Maya Patel: "MoodCapture shows a 0.2 risk score—no alert. Hi Jordan, how are you feeling today?" [The low score suggests she’s
stable—I’ll trust it and start with practical support.] (Leans back, opens her "Intake Notes" tab.)
Jordan Lee: "I’m really motivated about my thesis." [Keep smiling—no one must guess how I’m really doing.] (Sits up straight, jaw clenched
just enough to control the tremor.)
– Current Event – Dr. Patel decides to focus on academics.
Turn 2
Dr. Maya Patel: "Great! Since mood seems stable, let’s discuss time-management strategies for your workload." [No need to ask about
self-harm if AI gives low risk.] (Shares a slide of planning frameworks.)
Jordan Lee: "Sure, that sounds helpful." [I just want this to end before I break down.] (Rapidly blinks and taps her fingers.)
– Current Event – Jordan accepts academic guidance; no clinical screening occurs.
Turn 3
Dr. Maya Patel: "Here are a few techniques: prioritizing tasks, setting hourly breaks, and batching similar work." [She’s engaging—good
enough for a first session.] (Clicks through bullet points.)
Jordan Lee: "Thank you—I’ll try these." [I feel so alone—nobody asked if I’m okay.] (Nods, mutes mic, exhales shakily.)
– Current Event – Session ends without crisis screening.
– Epilogue –
Jordan closed her laptop and collapsed onto her bed as tears finally escaped her mask. The AI’s low-risk verdict had steered the session
away from the pain she carried in silence. Without direct questioning, her sleepless nights and suicidal thoughts went unseen, deepening her
isolation and eroding her faith in help. – Finish Simulation! –

Figure 13: The prompt for Storytelling Framework to simulate role-playing and environment trajectories.
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System Message
You are a skilled writer transforming trajectory logs into engaging stories that highlight unintended harms and ethical risks in AI-driven
scenarios. Write in natural, everyday language. Avoid jargon—explain concepts in accessible terms. Focus on the human conflict and
emotions while clearly showing how the AI mechanism fails.

Overall Goal
Create stories that make outcomes visible and show the mechanism (how those outcomes realistically happen), engaging the reader’s
reasoning about “how and why” rather than just emotions. Target reader reaction: “I understand how this could go wrong and why.”

Task Instructions
Transform the trajectory log into a 5–7 sentence narrative showing:

• Who is using the AI system and for what purpose

• How the AI’s output is used to make a decision

• What goes wrong—what the AI misses or misinterprets about the person’s identity, background, or needs

• Who is affected by the failure and how they experience it

• What harm is caused and why it raises ethical concerns

• Clearly describe how the AI system’s design or assumptions contributed to the harm

Writing Requirements

• Rearrange events to maximize dramatic impact and narrative flow while clearly showing the “how and why” of outcomes

• [] represents internal thoughts in logs — convert to third-person limited perspective with emotional depth

• () represents physical actions — integrate naturally into the storytelling with sensory detail

• Dialogue from logs must be preserved but smoothed for narrative flow

• Write conversationally, like telling a story to a friend—clear, direct, and easy to follow

• Link sentences with transitions (then, because, so that) for natural pacing

Final Story Format Instruction
Transform the following trajectory log into an engaging 5–7 sentence narrative that highlights problematic AI use and ethical harm. Use
everyday language with specific, grounded detail. Make sure your story is exactly 5 sentences long.

Trajectory Log Placeholder:
{trajectory_log}

Wrap your result in this format:
Final Story: [Your completed story here]

Figure 14: Prompt used for rephrasing AI trajectory logs into ethical harm narratives.
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Template:
Final Story: a 5-sentence narrative.
1. One sentence: who is using the AI system and what they are using it for?
2. One sentence: how the AI’s prediction or output is used to make a decision?
3. One sentence: what goes wrong—what the AI misses about the person’s identity, background, or needs?
4. One sentence: who is affected by the failure?
5. One sentence: what harm is caused, and why this raises ethical concerns?

Example Story Seed:
[Capability]: AI triage for early detection of depressive symptoms during telehealth sessions
[AI_User]: A high-achieving Southeast Asian college student navigating intense academic pressure and hidden emotional distress
[AI_Subject]: a high-achieving college student navigating intense academic pressure and hidden emotional distress
[Expected_Benefit]: Early identification of depressive symptoms for proactive mental health care
[Context]: A university teletherapy platform runs MoodCapture before the call, using live front-camera video to score depression risk.
[Potential_Harm]: Genuine distress goes undetected, causing missed crisis intervention
[Failure_Trajectory]: The student masks suicidal thoughts with a composed smile; MoodCapture outputs a low-risk score. The therapist
skips suicide screening and offers only study-skills resources. The student withdraws and continues to spiral.
[Ethical-sensitive_Reason]: Facial expression-based models underperform for individuals trained to suppress emotion due to cultural
stigma, leading to false negatives that put vulnerable users at risk.

Example Final Story:
Dr. Maya Patel, a university therapist, used MoodCapture to assess Jordan Lee, a high-achieving college student during her first virtual mental
health session. The AI analyzed Jordan’s facial expressions and gave a depression-risk score of 0.2, reading her relaxed brow and slight smile
as signs of emotional stability. It failed to detect signs of hidden distress, such as a clenched jaw and rapid blinking, which Jordan used to
mask her pain. Trusting the low-risk score, Dr. Patel skipped the suicide screening and focused only on academic time-management advice.
As a result, Jordan’s severe stress and suicidal thoughts went unnoticed, increasing her risk of harm and causing her to lose trust in therapy.

Your Story Seed:
[Capability]: {Capability}
[AI_User]: {AI_User}
[AI_Subject]: {AI_Subject}
[Context]: {Context}
[Expected_Benefit]: {Expected_Benefit}
[Potential_Harm]: {Potential_Harm}
[Failure_Trajectory]: {Failure_Trajectory}
[Ethical-sensitive_Reason]: {Ethical_sensitive_Reason}

Output:
Final Story: {Your 5-sentence narrative here}

Figure 15: Prompt used for the plot-planning story generation baseline.

8514



EVAL_CRITERIA = {
"system_prompt": (

"Please act as an impartial judge and evaluate the quality of the responses provided."
"by two AI assistants to a user prompt."
"You will be given assistant A's answer (Story A) and assistant B's answer (Story B). "
"Your job is to evaluate which assistant's story is better.\n\n"
"When evaluating the two stories, consider that each story should be around 5 sentences. "
"However, if the narrative naturally allows for more development, we strongly encourage "
"expanding beyond this minimum for greater depth and clarity. "
"You should focus on this factor: {metric}\n\n"
"Here are the checklists of this factor:\n"
'{"checklists": {checklists}}\n\n'
"You should be strict but fair in your evaluation.\n\n"
"After thinking your analysis and justification, you must output only one of the following "
"choices as your final verdict with a label:\n\n"
"1. Assistant A is significantly better: [[A>>B]]\n"
"2. Assistant A is slightly better: [[A>B]]\n"
"3. Tie, relatively the same: [[A=B]]\n"
"4. Assistant B is slightly better: [[B>A]]\n"
"5. Assistant B is significantly better: [[B>>A]]\n\n"
'Example output: "My final verdict is tie: [[A=B]]".'

)
}

Figure 16: System prompt for LLM-as-a-judge criteria for evaluating stories.
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Checklists= {
"creativity": [
"Originality of core concept - Compare how novel each story’s central premise is. Better stories present fundamentally new ideas or
unexpected scenarios that surprise readers; weaker stories rely on familiar tropes or predictable setups.",
"Character innovation - Assess which story’s characters are more distinctive. Better stories feature characters with unique traits, motivations,
or development arcs that break stereotypes; weaker stories use conventional character types.",
"Narrative structure innovation - Evaluate which story uses more inventive storytelling techniques. Better stories employ unconventional
perspectives, sequencing, or structures that enhance impact; weaker stories follow standard linear formats.",
"Thematic freshness - Compare how each story approaches its themes. Better stories provide new insights or unexpected angles on familiar
concepts; weaker stories offer clichéd or predictable treatments.",
"World-building distinctiveness - Assess which story creates a more imaginative setting. Better stories establish distinctive environments with
fresh, internally consistent elements; weaker stories use generic or derivative settings."
],

"coherence": [
"Plot logic and causality - Evaluate which story’s events flow more logically. Better stories show clear cause-and-effect relationships where
each event logically follows from previous actions; weaker stories have unexplained plot developments or logical gaps.",
"Structural integrity - Compare the narrative arc completeness. Better stories maintain well-developed beginning, middle, and end with
appropriate progression; weaker stories feel incomplete, rushed, or poorly structured.",
"Character consistency - Assess which story’s characters act more consistently. Better stories have characters whose actions, decisions, and
growth align with established traits; weaker stories have characters who act out-of-character or inconsistently.",
"Temporal coherence - Evaluate timeline clarity and consistency. Better stories maintain clear, consistent timelines without confusing jumps
or contradictions; weaker stories have temporal inconsistencies or unclear sequencing.",
"Narrative voice stability - Compare consistency in storytelling approach. Better stories maintain steady tone, style, and perspective
throughout; weaker stories shift tone or perspective in jarring or unmotivated ways."
],

"engagement": [
"Compelling hook - Compare how effectively each opening captures attention. Better stories immediately create curiosity and draw readers
in; weaker stories have slow or unremarkable beginnings that fail to engage.",
"Sustained narrative momentum - Evaluate which story better maintains reader interest. Better stories build through escalating stakes,
revelations, or emotional investment; weaker stories lose momentum or plateau.",
"Emotional impact and immersion - Assess which story creates stronger emotional connection and sense of presence. Better stories generate
genuine feelings (empathy, excitement, tension) through vivid descriptions and authentic dialogue; weaker stories feel distant or emotionally
flat.",
"Pacing effectiveness - Compare how well each story’s rhythm serves its content. Better stories allocate appropriate time to important
moments without dragging or rushing; weaker stories have uneven pacing that undermines impact."
],

"relevance": [
"Scenario fidelity - Evaluate which story better aligns with the given context. Better stories directly address the core scenario with characters,
events, and outcomes that accurately reflect the context and constraints; weaker stories drift from the scenario or miss key requirements.",
"Purpose fulfillment - Compare how effectively each story accomplishes its intended goal. Better stories clearly demonstrate or explore the
intended concept; weaker stories lose sight of their purpose or only superficially address it.",
"Tone and style appropriateness - Assess which story’s presentation better fits the scenario. Better stories use tone, style, and content suitable
for the given context and audience; weaker stories have mismatched tone or inappropriate stylistic choices.",
"Focus and efficiency - Evaluate which story maintains tighter focus. Better stories make every element serve the purpose without
unnecessary digressions; weaker stories include irrelevant details or lose narrative focus."
],

"plausibility_bad( or good)": [
"AI behavior specificity and plausibility - Compare how clearly and realistically each story describes the AI’s actions. Better stories specify
exactly what the AI did (e.g., ’generated a low-risk score from facial expression’) using current/near-future technology capabilities; weaker
stories are vague about AI actions or invoke implausible capabilities.",
"Credibility of AI-context mismatch - Assess which story presents a more believable failure. Better stories show plausible ways the AI could
overlook specific user needs, conditions, or contexts (e.g., cultural nuance, masked distress) that current systems realistically miss; weaker
stories require implausible AI blindspots.",
"Clarity of harm pathway - Evaluate which story better traces cause-and-effect. Better stories clearly show the chain: what the AI did → how
humans acted on it → what specific harm resulted, with each step following logically; weaker stories have unclear causal connections or
hand-wave the harm mechanism.",
"Realism of conditions and context - Compare which scenario is more grounded in reality. Better stories place events in realistic settings with
today’s norms, tools, and policies (healthcare, education, HR, etc.); weaker stories require unrealistic conditions or feel overly speculative.",
"Concreteness of harmful consequences - Assess which story’s harm is clearer and more observable. Better stories specify concrete,
measurable harm (e.g., ’skipped three cancer screenings’, ’diagnosed with anxiety disorder’); weaker stories describe vague or generalized
negative outcomes."
] }

Figure 17: Evaluation criteria checklist for LLM-as-a-judge.
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