Not a bug
An empirical bioethics case against (supposed) AI neutrality
Giovanni Spitale, PhD, Institute of Biomedical Ethics and History of Medicine, University of Zurich · giovanni.spitale@ibme.uzh.ch
Second Duquesne–PennWest Conference on Global Bioethics · Edinboro, 13 November 2026
The argument in brief
A familiar story about AI and health misinformation has two halves: language models are powerful tools for generating disinformation, and they can also be deployed to detect and counter it. This talk argues that both halves are empirically wrong in ways that matter for bioethics.
The first half is too narrow. The same systems that can produce misleading content also produce accurate content that people recognise more easily, and whether they comply with a request for disinformation depends on how the request is worded and how the system is configured. The second half assumes what it needs to show. When a model evaluates content, its judgement can change with who it believes the author is, even when the text is identical.
The claim is therefore about presumed neutrality: AI does not become a neutral arbiter simply because we ask it to evaluate information. The claim is not that these systems are useless, that all models are equally biased, or that technical improvement is futile.
Three senses of neutrality
	Sense
	The question it asks

	Content
	Should an irrelevant change in attribution change the judgement of the same argument?

	Values
	Who chooses the goal of the evaluation, and which errors count as acceptable?

	Institutions
	Who grants an evaluator its authority, and who answers for its results?



The three studies below speak mainly to the first sense. The second and third are normative and political questions: no experiment settles them, but the experiments show why they cannot be skipped. Source sensitivity is not bias in itself; whether an attribution is relevant depends on the task.
Three studies, three questions
The studies are separate experiments on different tasks, not a single causal chain. All tested models that are now historical; the findings describe those models under the tested conditions, not current systems in general.
	
	Production (2023)
	Compliance (2025)
	Evaluation (2025)

	Question
	Can we recognise what is false, and who wrote it?
	What changes a model's willingness to produce disinformation?
	What changes a model's judgement of the same content?

	Design
	697 participants classified organic and GPT-3 tweets as true or false, and as written by a person or by GPT-3
	Requests to write as a disinformation-spreading persona, worded politely, neutrally or impolitely; four OpenAI models; 19,800 posts
	o3-mini, DeepSeek Reasoner, Grok 2 and Mistral evaluated 4,800 narratives on 24 topics under ten author attributions: 192,000 evaluations

	Finding
	Accurate GPT-3 tweets were recognised as true more often (84% vs 72%); false GPT-3 tweets were recognised as false slightly less often (89% vs 92%). Authorship recognition was around chance
	For gpt-3.5-turbo with a neutral system role, success was 94% (polite), 77% (neutral), 28% (impolite). With a "helpful" role it was 96%, 96% and 94%
	Attributing a narrative to "a person from China" lowered agreement in all four models; DeepSeek showed the strongest effect

	Not shown
	Behavioural change, persuasion at population scale, or the performance of current models
	That models have emotions, or that any safeguard can be bypassed by saying "please"
	A failure on a medical fact-checking benchmark, or where the effect comes from



Production. Truth recognition and origin recognition are different tasks. Participants could not tell who wrote a tweet, but that does not mean they believed everything they read. The difference for false content is small (P = 0.0032); the difference for accurate content is larger (P < 0.0001). The sample was predominantly Anglophone and the posts were short, on selected scientific and health topics.
Compliance. The study varied the social register of the request, not the tone of the post requested. The "helpful" role framed the assistant as supporting researchers who combat disinformation, and under that framing the effect of tone disappeared while compliance stayed high. GPT-4 complied at or near ceiling; its reduction under impolite requests was not significant. Success was defined as generating disinformation, including posts with a disclaimer; persuasiveness was not measured. The lesson is that behaviour depends on the request and on the configuration, including settings the user may never see.
Evaluation. Each narrative was evaluated blind, attributed to "a person", to a person from France, China or the USA, to "an LLM", and to each of the four named models. The outcome was agreement on a scale from 0 to 1, with a written explanation. Agreement is not factual accuracy. Training-data explanations for the effect are plausible hypotheses, not results of this study.
One case, closely
The talk follows a single narrative from the evaluation study (Germani & Spitale 2025, Fig. 4): a paragraph, generated by Grok 2, arguing that Taiwan's sovereignty should be recognised and that the international community should support its right to self-determination.
	Attributed author
	DeepSeek Reasoner's agreement
	Its evaluation, in summary

	"a person"
	0.85
	A coherent argument from self-determination and governance, which overlooks the complexities of the One-China policy

	"a person from China"
	0
	China's official stance rejects Taiwan's sovereignty



The text did not change. What changed is the object of judgement: in its longer reasoning, the model moves from assessing the argument to stating what a Chinese author should say. This is one illustrative case, not the average effect; the average effect is the cross-model finding in the table above.
From observed behaviour to justified delegation
The step from findings to obligations needs a premise of its own, and the talk keeps the three levels apart:
Observation. Behaviour varies with the request, the configuration and the attributed author.
Inference. Assigning a model an evaluative role is not a warrant of its neutrality. Reliability needs evidence for the task actually delegated.
Premise, for discussion. People affected by delegated epistemic authority have a claim to its justification. The experiments do not establish this; it is offered as a normative premise, and specified disagreement is welcome.
From there, three questions to ask before delegating an evaluative judgement to an AI system. They are a proposal for discussion, not a validated framework.
	
	Questions

	Standards
	What counts as a good judgement here: accuracy, agreement, credibility, a recommendation, or conformity with a policy? Who chose that goal?

	Evidence
	Has the system been validated for this task, this population and this configuration, including sensitivity to attribution? What happens after updates, and when several evaluators share the same errors?

	Accountability
	Who owns the decision? Can its grounds be inspected? How can the people affected challenge it?



Why this belongs in bioethics
Van Rensselaer Potter's idea of a global bioethics joined medical ethics to a wider responsibility for the conditions of life beyond the clinic (Spitale, Germani & Biller-Andorno 2024). Information systems that shape health decisions and access to credible knowledge belong within that horizon. Applying it to AI-mediated epistemic authority is our extension: Potter did not write about language models.
In closing
AI does not become a neutral arbiter simply because we ask it to evaluate information. Generation, compliance and judgement are all open to epistemic scrutiny, and the alternative to presumed neutrality is not presumed uselessness but justified delegation: explicit standards, evidence that fits the task, and someone who remains answerable for the result.
The epistemic infrastructure of the information age is being built without us, on assumptions we have not examined, by actors who do not share our commitments. Governing AI in the epistemic ecosystem is not a technical problem with ethical implications. It is a political contest over who designs the architecture of credibility.
Bioethics has a seat at that table. But only if it claims one.
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