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Figure 1. Study Pipline. Timeline of the extraction of laboratory tests under default and mitigation prompts through
large language models (LLMs) .

Figure 3. Overall Model Accuracy Across Default and Mitigation Settings. Comparison of extraction accuracy
for each large language model under default prompting and hallucination-mitigation prompting conditions.

Laboratory Results: The glomerular filtration rate, serum creatinine and blood urea were 24 ml/min, 3.4 mg/dL and 90 0.35 -
mg/dL., Anti-XY 7 26.3 TU/L. fasting blood sugar. post prandial blood sugar and HbAIc were 226, 305 and 7.4%. and total
cholesterol and triglycerides were 145 & 95 respectively. }
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* 1. Default: Vendor defaults

« 2. Mitigation: Include safety instructions to report only
validated labs, and avoid speculation- omit fabricated tests
and list as 'unknown test'

Figure 4. Change in Model Accuracy Following Hallucination Mitigation. Difference 1n accuracy between default
and mitigation prompting for each model, highlighting relative performance gains or losses.

RESULTS:

* Results evaluating varying LLMs revealed significant differences in hallucination
behaviors across different models and prompting conditions (see Figure 3).

DISCUSSION AND FUTURE STEPS:

* Varying consistencies of hallucination rates highlights the need to_integrate
additional protocols 1n increasing clinical safety and accuracy..

* All models were accessed via You.com platform and OpenAl L. L .
. . . . Mitigation prompts reduced the hallucination rates for most models to a limited
API for consistency 1n deployment and evaluation conditions. = : :

Models include LLaMA-4 (Maverick). Gemma. GPT-OSS- degree, suggesting persistent hallucination outcomes that 1s highly dependent on
120B. GPT-5. and Gemini-Pro 2.5 ’ ’ mitigation strategy and setting.

Protocols such as retrieval-augmented generation (RAG), external laboratory
knowledge bases, and post-generation validation are needed to reduce
hallucination levels.

There 1s moderate correlation agreement across different LLMs when compared
to higher model consistencies within individual models between default and
mitigation prompts (see Figure 4).

Other evaluations, including broader clinical tasks, real world Electronic Health
Record (EHR) data, and clinician-in-the-loop settings, should also be considered
to strengthen reliability and credibility.

* The outcomes generated from the LLMs were recorded 1n a
collective Excel sheet with their respective default and
mitigation prompt.
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