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Source for Some Models, Drift
The Problem Hallucination propensity differs sharply across models of similar
» LLMs increasingly mediate political information access — and size (p < 0.001); the proprietary model hallucinates least. Only 56-58% of hallucinations preserve the source article’s ide- Uncertainty — hallucination. Mean token entropy is far higher
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orovided article, they hallucinate unsupported yet confident Model Hallucinated sent.  Rate spectives absent from the original. hen's d = 1.03. Controlling for length, each unit of entropy mul-
statements Deepseek /7B Chat 7,090 21.3% tiplies hallucination odds by 40.4 (ROC-AUC = 0.7/8), supporting
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Open-weight models hallucinate somewhat more on left-leaning
sources (p < 0.001); GPT-40-Mini is flat (p = 0.93). Frequency
differences are modest compared to the directional skew in RQ2. GPT-40-Mini

learned in training: hallucinations are not merely reliability fail-
ures but bias-revealing events, drifting leftward regardless of the

= Mistral: no uncertainty link (OR = 0.71, p = 0.065) — bias
uniformly embedded

article’s lean.
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