o

FHR2PEWEEE

Exploring the Impact and Potential Limitations of Text — WEENoat

Prompt Engineering on Chest X-Ray Diagnosis Using GPT-40

TC Wongl, Keith WH Chiu2, William CS Cho? D> : wongc1 8@connect.hku.hk

The University of Hong Kong, Hong Kong SAR
2Department of Diagnostic and Interventional Radiology, Queen Elizabeth Hospital, Hong Kong SAR
3Department of Clinical Oncology, Queen Elizabeth Hospital, Hong Kong SAR

~ - N ( )

Introduction - Results and discussion

«  Prompt engineering is the act of providing input to large
language models (LLMSs) to guide and optimise its output. 1. Overall insight

« [t has been proven to enhance performance and has been « LLM with simple prompting achieved the highest accuracy
widely adopted to of text-based LLMs in the medical (69.1%) and sensitivity (56.7%), ranking second best after the
domain. multi-agent conversation framework.

* However, its applicability in large multimodal models « LLM with multi-agent conversation prompting achieved the
(LMM), particularly for medical image analysis, remains highest specificity (95.0%) but is likely due to its low recall
largely unexplored. given the low sensitivity

* The aim of this study is to investigates the impact of text- » Overall, the diagnostic performance of CXR by multimodal
based prompt engineering on chest X-ray (CXR) diagnosis LLMs was not improved by the three prompt engineering

. accuracy using GPT-4o. y techniques, which are all proven to enhance performance in
4 N multiple text-based medical tasks; conversely, they might even

I\/Iethodology _ _ decrease the performance of the LLM.

1' A tOtaI Of 140 CXRS encompaSSIng 7 dlfferent Iabels: no Fig. 2: Overall accuracy, sensitivity, specificity of each LLM with different  Fig. 3: Number of true positive predictions made by each LLM with different
finding’ pneUmOthOraX, Cardiomegaly, COnSOIidation, |Ung 1promptengineeringtechniquesaccordingtotheground-truth diagnosis prompt engineering techniques according to the ground-truth diagnosis
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mass, pleural effusion, and atelectasis were collected.

2. Performance of the state-of-the-art LMM GPT4o0 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
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(MAP), general knowledge prompting (GKP), and chain-of- ety W sensiivty B specicty e e e
thought prompt (CoTP). . ot enginesting e S EESAIE 3 g g
3. Performance assessed in accuracy, sensitivity, specificity. 2. Individual performance I Ne ;
Fig. 1: llustration of the overall design of study * MAP showed significant reduction ; Big ”
120 abnormal CXR, each with 1 identifiable condition CXR collection: m m in Sensitivity (400% Vs 67.7% p = 12 10
cardiomegaty, consolcation,ung macs, pleural efeion, ateletasis. 20 nomal chest radiograph 0.0009) but increased In specificity
(95.0% vs 81.7%, p = 0.034) e o we
compared to simple prompting. B Lonk mess sy 18 Peurl efoson e 20 [ Avlectsns (01

e sensitivities and specificities were similar for the GKP and COTP
(54.2% and 53.3% for sensitivity, 70.0% and 71.7% for specificity

¥ For each condition in [} horax, cardi galy, c lidation, lung mass, pleural effusion, atelectasis]:
{prompi} ‘
N
{image}
Question: Is there {condition} in this chest x-ray?

@ @ respectively, both p = NS).
GPT-40 ©® &) GPT-40 GPT-40 -
BB 3. Notable observations
GPT-40 with simple prompt (baseline) multi-agent conversation GPT-40 with chain-of-thought prompt S,z:r;;ﬁngx:::Aé]éBg:IGHr:g::g:Sﬁ PY mOSt LLMS are more Sensitive in detection Of Cardiomegaly and
consolidation compared to other conditions.
e posive Prensent Uncertain / absent weresaive | || o A]l LLMSs 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.

false positive true negative
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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.
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