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[Abstract]

This study examines gender- and age-based representation biases in DALL-E 3 and Midjourney within South Korea’s
socio-cultural context. Using the 8th Korean Standard Classification of Occupations (KSCO-8), a total of 960 images were
generated across 15 occupational groups. A dual-assessment framework combining human coding by researchers and automated
detection using DeepFace was employed. The results were benchmarked against official labor statistics as a ground-truth reference.
Both models substantially overrepresented men, with deviations ranging from 13.4 to 19.6 percentage points, and exhibited strong
gender polarization toward extremes. Midjourney displayed intersectional bias by depicting male-dominated occupations with older
individuals, thereby reinforcing authority hierarchies. Notably, this audit focuses on biases in images created using the explicit “in
Korea” prompt, rather than on actual occupational demographics in South Korea. The findings highlight the need for bias-free Al
design, transparent reporting, and context-aware evaluation methods.
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