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• LLMs lower barriers to producing convincing fake news
(Zellers et al., 2020; Bommasani et al., 2022)

• AI-generated content is coherent and hard to distinguish from true news
(Clark et al., 2021)

NEED: UNDERSTAND HOW HUMANS DETECT AI-GENERATED FAKE NEWS



7

MOTIVATION: CULTURAL & CONTEXTUAL CHALLENGES

A Cross-Cultural Assessment of Human Ability to Detect LLM-Generated Fake News about South Africa. Tim Schlippe, Matthias Wölfel, Koena Ronny Mabokela. SACAIR 202512/03/2025

• Lack of cultural/factual familiarity makes inaccuracies harder to spot



8

MOTIVATION: CULTURAL & CONTEXTUAL CHALLENGES

A Cross-Cultural Assessment of Human Ability to Detect LLM-Generated Fake News about South Africa. Tim Schlippe, Matthias Wölfel, Koena Ronny Mabokela. SACAIR 202512/03/2025

• Lack of cultural/factual familiarity makes inaccuracies harder to spot

• Cultural aspects of fake news detection are underexplored



9

MOTIVATION: CULTURAL & CONTEXTUAL CHALLENGES

A Cross-Cultural Assessment of Human Ability to Detect LLM-Generated Fake News about South Africa. Tim Schlippe, Matthias Wölfel, Koena Ronny Mabokela. SACAIR 202512/03/2025

• Lack of cultural/factual familiarity makes inaccuracies harder to spot

• Cultural aspects of fake news detection are underexplored

PARTICULARLY FOR REGIONS WITH LESS GLOBAL MEDIA ATTENTION, 
LIKE SOUTH AFRICA (Mare et al., 2019; Wasserman, 2020)
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• How accurately humans distinguish true vs. AI-generated news about South Africa?

• Does cultural proximity to the news content affect human detection performance?

• Which features guide authenticity judgements between cultural groups?
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• LLMs advanced through Transformer architectures
(Vaswani et al., 2017; Devlin et al., 2019)

• State-of-the-Art LLMs produce highly sophisticated text
(Brown et al., 2020; OpenAI, 2023)

• Detection methods struggle as LLMs improve
(Gehrmann et al., 2019; Mitchell et al., 2023)
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RELATED WORK: HUMAN DETECTION CAPABILITIES

A Cross-Cultural Assessment of Human Ability to Detect LLM-Generated Fake News about South Africa. Tim Schlippe, Matthias Wölfel, Koena Ronny Mabokela. SACAIR 202512/03/2025

• People often identify AI text at chance level
(Clark et al., 2021)

• Training people improves detection accuracy only slightly
(Clark et al., 2021)

• Common-sense errors more helpful than grammar issues
(Dugan et al., 2023)
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EXPERIMENTAL SETUP: SURVEY

A Cross-Cultural Assessment of Human Ability to Detect LLM-Generated Fake News about South Africa. Tim Schlippe, Matthias Wölfel, Koena Ronny Mabokela. SACAIR 202512/03/2025

• 20 articles: 10 true news + 10 LLM-generated fake news

• 5-point scale: 1=“Definitely fake news” to 5=“Definitely true news”

• Compare South Africans vs. others
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MAJORITY SOUTH AFRICANS, OVER ONE THIRD OTHER COUNTRIES



32

FREQUENCY OF READING NEWS ABOUT SOUTH AFRICA
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Frequeny (%)

SOUTH AFRICANS READ LOCAL NEWS FAR MORE OFTEN THAN OTHERS
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NEWS CONSUMPTION MEDIA
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Frequeny (%)

SOCIAL MEDIA: DOMINANT NEWS SOURCE FOR BOTH GROUPS
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CULTURAL FAMILIARITY MAY SUPPORT TRUE NEWS VERIFICATION
BUT INTRODUCE BIAS WHEN EVALUATING FABRICATED CONTENT
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SOUTH AFRICANS RELIED MORE ON PERSONAL KNOWLEDGE AND 
CONCRETE FACTS, OTHERS ON LINGUISTIC AND LOGICAL FEATURES

# participants
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BOTH STRATEGIES LED TO CORRECT AND INCORRECT JUDGMENTS

# participants
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DESPITE MORE NEGATIVE SENTIMENT, 
FAKE NEWS DID NOT SHOW LESS TRUST
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1.0=“Definitely fake news”, 5.0=“Definitely true news”
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EMOTIONAL TONE ALONE DOES NOT GUIDE TRUST JUDGMENTS
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1.0=“Definitely fake news”, 5.0=“Definitely true news”
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