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e OVERVIEW

Harmful content detectors are predominantly developed and evaluated on Standard American English (SAE), leaving their robustness to dialectal variation unexplored. We present DIA-HARM, the
first benchmark for evaluating disinformation detection robustness across 50 English dialects spanning U.S., British, African, Caribbean, and Asia-Pacific varieties. Using Multi-VALUE's linguistically-
grounded transformations, we introduce D* (Dialectal Disinformation Detection), a corpus of 195K+ samples from 9 established benchmarks. Our evaluation of 16 detection models reveals
systematic vulnerabilities: human-written dialectal content degrades detection by 1.4-3.6% F1, while Al-generated content remains stable. Models with multilingual pre-training substantially
outperform monolingual encoders and zero-shot LLMs fail catastrophically. These findings demonstrate that current detectors may systematically disadvantage hundreds of millions of non-SAE
speakers.
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+ Multilingual pre-training. Human F1 = dialect avg on human content.
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