In recent years, there has been a notable shift in how people seek health information. Once dominated by search
engines presenting links to trusted sources, the landscape is rapidly evolving toward generative Al chatbots and

large language models (LLMs) that produce natural language responses. While this shift promises to simplify
finding health facts, it also raises critical concerns about bias in Al and the reliability of Al generated health

information. Understanding why bias emerges in Al health answers is crucial to avoid health misinformation and

ensure users receive trustworthy advice.

From Search Engines to Al Chatbots: A Paradigm Shift

Traditionally, individuals searching for health answers used search engines like Google to navigate a labyrinth of
websites, online journals, and trusted repositories such as the Cochrane Library. The Cochrane Collaboration—a

global network of researchers—has long been a gold standard for systematically reviewed health evidence, offering
a rigorous approach that filters (and mitigates) bias.

Search engines function primarily as gateways: they pull up relevant documents, letting users evaluate credibility

themselves. In contrast, generative Al chatbots synthesize answers directly, producing conversational text

responses rather than lists of references. Pretty simple.. This leap aims to enhance user-friendliness but introduces

a fundamental shift in how information is presented and perceived.

Why Trust Becomes the Limiting Factor

In health, trust is not optional. Users seeking medical advice need to know not just that an answer sounds
plausible, but that it is based on robust evidence and free from misleading bias. When Al models generate text

cochrane that humans interpret as authoritative, the potential for misplaced trust grows. Misplaced trust can lead

to harmful decisions, such as ignoring professional advice or embracing unproven treatments.

This trust dilemma centers around the fact that current LLMs and chatbots do not verify facts or evaluate the

truthfulness of their responses. They operate on a different principle altogether.
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https://www.cochrane.org/about-us/news/why-evidence-synthesis-matters-age-ai

How Large Language Models Actually Work

At their core, LLMs are sophisticated pattern recognition systems. This reminds me of something that happened
wished they had known this beforehand.. They analyze vast datasets of text from books, articles, websites, and
more, learning the statistical patterns of language. When prompted, they predict what text should come next

based on these patterns.

* LLMs predict text, not truth. They do not "understand” in the way humans do; instead, they generate
plausible sequences of words.

® This means that apparent facts can be outputted confidently even when incorrect or unsupported by
evidence.

® The term hallucinations describes this phenomenon where Al invents information or citations that sound

credible but are false.

Hallucinations and Invented Citations: A Case Study in Bias

One persistent problem in Al-generated health content is fabricated references. For instance, a chatbot may
produce a fake DOI or invent a study from a reputable organization such as the Cochrane Collaboration to back
its claims. Such fabrications exploit the trust users have in authoritative institutions but ultimately undermine

confidence and spread health misinformation.

Because LLMs lack the mechanism to cross-check facts during generation, hallucinations appear as an unintended
byproduct. The models do not have access to or validate against a live, curated database of verified evidence like
the Cochrane Library. Instead, they stitch together fragments of learned text to create seemingly coherent, but

occasionally inaccurate, responses.

The Roots of Bias in Al Health Answers

Several intertwined factors contribute to bias in Al health answers:

1. Training Data Imbalances: LLMs draw on datasets containing the full spectrum of human writing, including

biased, out-of-date, or incorrect medical information.



2. Amplification of Existing Biases: If certain viewpoints or demographics dominate the training data, models

may skew answers toward those perspectives, unintentionally sidelining minority or emerging evidence.
3. Lack of Domain-Specific Verification: Health information requires rigorous vetting by experts, a process
absent from general-purpose language model training.

4. Pressure to Produce Definitive Answers: Conversational Al encourages concise responses, which can gloss

over nuances, uncertainties, or limitations critical in health contexts.

These factors create fertile ground for bias to appear and distort health information disseminated by Al chatbots.

Why Overconfidence in Al Health Information Is Risky

Users often interpret Al language as emanating from an expert, especially when responses are delivered fluently
and confidently. This phenomenon has been noted in studies showing that authoritative-sounding Al outputs can

mislead users into accepting falsehoods.

One phrase | keep track of is "definitely," which is a classic marker of overconfident language in Al answers. In
health advice, such assured language without the foundation of verified evidence should raise red flags. What
would change your mind if the Al confidently asserted a health claim? You would want to see citations from
trustworthy sources like the Cochrane Collaboration or have access to evidence summaries graded for risk of

bias.

Mitigating Bias in Al-Generated Health Information
Given these challenges, what can be done to improve the quality and trustworthiness of Al health answers?

* Integrating Verified Databases: Linking Al outputs with databases like the Cochrane Library could ground

responses in up-to-date, systematically reviewed evidence.

* Transparent Citation Practices: Al systems could highlight exact sources and DOlIs, which users can verify
independently. Importantly, these DOIs must be checked to ensure they resolve to real, relevant articles.

* Human Oversight and Curation: Expert review remains essential in interpreting Al outputs and correcting
hallucinations or biased content.

* Training on Balanced and High-Quality Data: Curated corpora and continuous updating with recent, high-

quality studies can reduce bias.

* Educating Users About Al Limitations: Public literacy campaigns can help manage expectations and foster

critical evaluation skills among health information seekers.

Conclusion: Trust but Verify

The rise of generative Al chatbots and large language models is reshaping how people access health information.
While they offer convenience and an approachable interface, the undercurrents of bias in Al and hallucinated facts
mean users must exercise caution. Al-generated health information can inadvertently perpetuate health

misinformation by producing overconfident but inaccurate answers.

Organizations like the Cochrane Collaboration and platforms such as the Cochrane Library exemplify the gold
standard of rigorous evidence synthesis that Al developers and users alike should aspire to incorporate and

reference.

Ultimately, the key takeaway is this: LLMs are powerful tools that predict text, not arbiters of truth. When seeking

health advice, it is not enough to accept Al-generated answers at face value. Instead, we should trust but verify,



demanding clear citations and expert scrutiny to ensure safety and accuracy in the ever-important domain of
health.



