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Introduction
• Prompt engineering is the act of providing input to large 

language models (LLMs) to guide and optimise its output.

• It has been proven to enhance performance and has been 

widely adopted to of text-based LLMs in the medical 

domain.

• However, its applicability in large multimodal models 

(LMM), particularly for medical image analysis, remains 

largely unexplored.

• The aim of this study is to investigates the impact of text-

based prompt engineering on chest X-ray (CXR) diagnosis 

accuracy using GPT-4o.
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Conclusion
• Through the evaluation of three prompt engineering modalities with literature supporting improvements on text-based LLMs in diagnostic 

ability, this study illustrated that the same level of performance enhancing ability was not reproducible on image-based LLMs for 

diagnostic purposes for medical images.

• Restricting the image-based LLM to interpret medical images using human-explainable frameworks (e.g., GKP), and forcing the LLM to 

create human-explainable justifications throughout the response (CoTP) could possibly hinder the diagnostic accuracy of image-based 

LLMs. This imply that image-based LLMs visualize and interpret medical images differently than medical practitioners do. 

• The vary in diagnostic performance of LLMs in different conditions suggest that LLMs are better is identifying or ruling out certain 

conditions. 

• Further studies should focus on understanding the currently unknown mechanism on how LLMs analyzes images behind the black box. 

Before that, the diagnostic process of image-based LLMs on images remains unknown and should be refrained from clinical practices.

Results and discussion

Methodology

1. Overall insight

• LLM with simple prompting achieved the highest accuracy 

(69.1%) and sensitivity (56.7%), ranking second best after the 

multi-agent conversation framework.

• LLM with multi-agent conversation prompting achieved the 

highest specificity (95.0%) but is likely due to its low recall 

given the low sensitivity

• Overall, the diagnostic performance of CXR by multimodal 

LLMs was not improved by the three prompt engineering 

techniques, which are all proven to enhance performance in 

multiple text-based medical tasks; conversely, they might even 

decrease the performance of the LLM. 

2. Individual performance

• MAP showed significant reduction 

in sensitivity (40.0% vs 67.7% p = 

0.0009) but increased in specificity 

(95.0% vs 81.7%, p = 0.034) 

compared to simple prompting.

CXR collection:

1. A total of 140 CXRs encompassing 7 different labels: no 

finding, pneumothorax, cardiomegaly, consolidation, lung 

mass, pleural effusion, and atelectasis were collected.

2. Performance of the state-of-the-art LMM GPT4o in 

identifying the presence and absence of each condition was 

evaluated using a simple prompt and 3 literature-supported 

text prompt strategies: multi-agent conversation prompt 

(MAP), general knowledge prompting (GKP), and chain-of-

thought prompt (CoTP).

3. Performance assessed in accuracy, sensitivity, specificity.

• sensitivities and specificities were similar for the GKP and COTP 

(54.2% and 53.3% for sensitivity, 70.0% and 71.7% for specificity 

respectively, both p = NS).

3. Notable observations

• most LLMs are more sensitive in detection of cardiomegaly and 

consolidation compared to other conditions.

• All LLMs are more specific in ruling out pneumothorax and lung 

mass. The ability of LLMs to be specific on these 2 unmissable 

condition could possess possible future implications in clinical use.
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