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3. Truhn, D., et al., Extracting structured information from unstructured histopathology reports
using generative pre-trained transformer 4 (GPT-4). J Pathol, 2024. 262(3): p. 310-319.
Deep learning applied to whole-slide histopathology images (WSIs) has the potential to enhance
precision oncology and alleviate the workload of experts. However, developing these models
necessitates large amounts of data with ground truth labels, which can be both time-consuming
and expensive to obtain. Pathology reports are typically unstructured or poorly structured texts,
and efforts to  implement structured reporting templates have been unsuccessful, as these
efforts lead to perceived extra workload. In this study, we hypothesised that large language
models (LLMs), such as the generative pre-trained transformer 4 (GPT-4), can extract structured
data from unstructured plain language reports using a zero-shot approach without requiring any
re-training. We tested this hypothesis by utilising GPT-4 to extract information from
histopathological  reports, focusing on two extensive sets of pathology reports for colorectal
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cancer and glioblastoma. We found a high concordance between LLM-generated structured data
and human-generated structured data. Consequently, LLMs could potentially be employed
routinely to extract ground truth data for machine learning from unstructured pathology reports
in the future. © 2023 The Authors. The Journal of Pathology published by John Wiley & Sons
Ltd on behalf of The Pathological Society of Great Britain and Ireland.

4. Chen, X., et al., ICGA-GPT: report generation and question answering for indocyanine green
angiography images. Br J Ophthalmol, 2024. 108(10): p. 1450-1456.

BACKGROUND: Indocyanine green angiography (ICGA) is vital for diagnosing chorioretinal
diseases, but its interpretation and patient communication require  extensive expertise and
time-consuming efforts. We aim to develop a bilingual ICGA report generation and
question-answering (QA) system. METHODS: Our dataset comprised 213 129 ICGA images
from 2919 participants. The system comprised two  stages: image-text alignment for report
generation by a multimodal transformer architecture, and large language model (LLM)-based
QA with ICGA text reports and human-input questions. Performance was assessed using both
qualitative metrics  (including Bilingual Evaluation Understudy (BLEU), Consensus-based
Image Description Evaluation (CIDEr), Recall-Oriented Understudy for Gisting
Evaluation-Longest Common Subsequence (ROUGE-L), Semantic Propositional Image Caption
Evaluation (SPICE), accuracy, sensitivity, specificity, precision and F1-  score) and subjective
evaluation by three experienced ophthalmologists using 5-point scales (5 refers to high quality).
RESULTS: We produced 8757 ICGA reports covering 39 disease-related conditions after
bilingual translation (66.7% English, 33.3% Chinese). The ICGA-GPT model's report generation
performance was evaluated with BLEU scores (1-4) of 0.48, 0.44, 0.40 and 0.37; CIDEr of 0.82;
ROUGE of 0.41 and SPICE of 0.18. For disease-based metrics, the average specificity, accuracy,
precision, sensitivity and F1 score were 0.98, 0.94, 0.70, 0.68 and 0.64, respectively. Assessing
the quality of 50 images (100 reports), three ophthalmologists achieved substantial agreement
(kappa=0.723 for = completeness, kappa=0.738 for accuracy), yielding scores from 3.20 to 3.55.
In an interactive QA scenario involving 100 generated answers, the ophthalmologists provided
scores of 4.24, 4.22 and 4.10, displaying good consistency (kappa=0.779). CONCLUSION: This
pioneering study introduces the ICGA-GPT model for report generation and interactive QA for
the first time, underscoring the potential of LLMs in assisting with automated ICGA image
interpretation.

5. Chen, K., W. Xu and X. Li, The Potential of Gemini and GPTs for Structured Report
Generation based on  Free-Text (18)F-FDG PET/CT Breast Cancer Reports. Acad Radiol, 2025.
32(2): p. 624-633.

RATIONALE AND OBJECTIVE: To compare the performance of large language model (LLM)
based Gemini and Generative Pre-trained Transformers (GPTs) in data mining and  generating
structured reports based on free-text PET/CT reports for breast cancer after user-defined tasks.
MATERIALS AND METHODS: Breast cancer patients (mean age, 50 years + 11 [SD]; all
female) who underwent consecutive (18)F-FDG PET/CT for follow-up between July 2005 and
October 2023 were retrospectively included in  the study. A total of twenty reports from 10
patients were used to train user-defined text prompts for Gemini and GPTs, by which structured
PET/CT reports were generated. The natural language processing (NLP) generated structured
reports and the structured reports annotated by nuclear medicine physicians were compared in
terms of data extraction accuracy and capacity of progress decision-making. Statistical methods,
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including chi-square test, McNemar test and paired samples t-test, were employed in the study.
RESULTS: The structured PET/CT reports for 131 patients were generated by using the two
NLP techniques, including Gemini and GPTs. In general, GPTs exhibited superiority over
Gemini in  data mining in terms of primary lesion size (89.6% vs. 53.8%, p < 0.001) and
metastatic lesions (96.3% vs 89.6%, p < 0.001). Moreover, GPTs outperformed Gemini in
making decision for progress (p < 0.001) and semantic similarity (F1 score 0.930 vs 0.907, p <
0.001) for reports. CONCLUSION: GPTs outperformed Gemini in generating structured reports
based on free-text PET/CT reports, which  is potentially applied in clinical practice. DATA
AVAILABILITY: The dataused and/or analyzed during the current study are available from the
corresponding author on reasonable request.
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