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B ABSTRACT

Large language models (LLMs) have shown significant potential in health
informatics. Prompt engineering plays a critical role In optimizing LLM
performance across diverse applications. However, researchers often report only
the final prompts and their outcomes, even though it took many iterations for the
prompts to get to their final form. Such a lack of transparency compromises
reproducibility in LLM-based research.

We introduce PromptLog—a tool that tracks prompt changes (e.g., word count,
topic shifts, deletions)—to standardize and improve the scientific rigor of
reporting practices of LLM research at AMIA.
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B WORK-IN-PROGRESS

The figure below illustrates PromptLog's workflow through a proof-of-concept
Implementation, demonstrating researchers’ iterative prompting practices and
how PromptLog captures and reports prompt history. The figure shows an
example of a report that PromptLog can generate. We have completed the
prompt extraction and data analysis separately.

However, the tool Is limited by the continued changes in policies of LLM
companies, such as copyright and designs, that may hinder certain prompts from
being available to be extracted.

PromptLog Report

LLM Model Version: GPT-40

Time of initial prompt: Mar 20th, 2025, 3:00 pm
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Summary

The prompt progressed from asking LLM to generate: (1) general diabetes
guidelines — (2) drug-specific details = (3) head-to-head medication comparisons
- (4) simplified treatment options with persistent risk assessment.

Figure 1. The figure shows the workflow from prompt engineering processes to the PromptLog-generated report.

B INTRODUCTION

Large language models (LLMs) have shown significant potential in medical
informatics, such as extracting information from Electronic Health Records,
assisting with literature searches, and simplifying medical jargon for enhanced
natient-centered carel. Prompt engineering plays a critical role in optimizing LLM
nerformance across diverse applications?.

Khalid and Witmer3 outlined a general four-step prompt engineering process:

1) devising a task completion strategy,

2) creating a prompt template,

3) deciding if the responses are satisfactory,

4) refining responses.

Safranek et al.# provided a loop framework to improve LLM prompts for clinical
applications, including:

1) designing a draft of instructional prompts,

2) running clinical notes with the prompt,

3) classifying and counting LLM response errors vs. physician assessments,

4) qualitatively evaluating responses with low accuracy.

However, the iterative nature of prompting i1s often undocumented and
underreported, with only final prompts and outcomes reported. This limits
reproducibility and obscures the strategies behind successful outputs. Capturing
the evolution of prompts can reveal strategy shifts, refinements, or
misunderstandings that influence model behavior and output quality, providing
deeper insights into how model behavior and results evolve over time. It will also
inform the bias, robustness, and sensitivity of LLMs regarding different prompts.

B METHODS

PromptLog Is implemented as a JavaScript-based Chrome Extension that
collects prompt histories across LLMs’ web interfaces (e.g., ChatGPT, Claude).
PromptLog operates through three modular components: (1) client-side
collection that stores raw prompts in an indexed array with contextual metadata
when researchers request, (2) a Python backend using Stanford NLP package® to
analyze prompt changes through lexical (e.g., word and character counts),
semantic (topics and semantic similarities), and structural (e.g., deletion and
addition) analysis. Then, a summary of prompt content differences will be
generated using the Gemini API for further analysis.

B FUTURE WORK

In our future work, we will further collect researchers’ needs and their feedback
through interviews. PromptLog will be disseminated as open source; we will
refine 1t through workshops and organized discussions across research
communities and explore collecting corresponding LLM output.
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