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Motivation Data Construction and Human-Al Storytelling Framework
Research Question: How can engaging in storytelling help people Step 1: Mapping Al Concepts to Use-Case Scenarios Step 2: Simulating Role-Playing and Environment Trajectories

anticipate and creatively imagine the potential benefits and harms

of Al systems before they are developed or deployed? World Agent !  Simulation Logs

Capability: Detects depression
from faces on phone camera

[ Al User: general practitioner (GP) ]

... previous turn and environment
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"MoodCapture uses a smartphone’s front-facing
camera to passively capture real-life facial images
during PHQ-8 survey responses and employs a
random forest model trained on face landmarks to
detect depression with around 75% accuracy
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Expected Benefit: Remote Support

feelings (Southeast Asian style).
. . . . . Jordan sees the score and pauses.
Step 3: Rephrasing Simulation Logs into Stories & MoodCapture
Al User \

Jordan Lee: I'm fine. [Is it really
that obvious?]
Dr. Maya Patel: Let’s check a bit
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Dr. Maya Patel used MoodCapture during a session with Jordan Lee, a Southeast Asian studen Al Subject

who seemed calm. The system showed a stress score of 7.3/10 and flagged possible emotional Dialogue Interaction more, just to be sure. (Nods slightly,
‘ Human masking. Jordan saw the score and said, “I'm fine,” but looked unsure. Dr. Patel leaned in and _— — — = — - = = - = = = = = leans in. Plans to run more tests.)
T e T P articipants said, “Let’s check a bit more.” Guided by the system’s cues, she initiated a culturally sensitive
[,@, unfold, and what could we do now to prevent them?] assessment, opening space for Jordan to begin sharing what he had kept hidden. p
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