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INTRODUCTION

The Oncology CDM Working Group developed
the OMOP Oncology Extension to support the
Integration of cancer-specific information into
the OMOP CDM.

Despite these advancements, much of the
cancer-data in EHR remains in unstructured
formats, making it challenging to utilize and
standardize.

large
promising

Generative language models (LLMSs)
present a solution to these
challenges, by leveraging the in-context learning
capabilities of LLMs.

In this study, we developed strategy to extract
the cancer information from unstructured
pathology and radiology reports of patients with

colorectal cancer using state-of-the-art LLM.

 Among several candidate applications to validate
feasibility, we focused on whether LLM-derived
cancer data can be used to define cancer stage
at diagnosis in accordance with updates to the
AJCC staging system.

METHODS

Data sources

 We obtained unstructured pathology and
radiology reports for patients diagnosed with

colorectal cancer at Severance Hospital
between 2010 and 2023.

« A random sample of 1,000 individuals was
selected for inclusion in the study. We used
1,579 radiology and 2,632 pathology reports
documented within 30 days before or 120 days
after initial cancer diagnosis.

Prompt design

¢ We

interacted with GPT-40 via zero-shot
prompting through the OpenAl API. A total of
20 reports were sampled to develop prompts to
extract cancer data (Table 1). All output was
compiled into a JSON format.

Evaluation

 We classified the cancer stage at diagnosis using

based on the 8th edition of the AJCC TNM
staging system. We compared the LLM-derived
cancer stage at diagnosis with the TNM values
retrieved from the EHRs database.

« Additionally, we defined the cancer stage using

both the 7th and 8th editions of the AJCC
staging system and illustrated the changes in
cancer stage, demonstrating the usefulness and
of the LLM-derived

flexibility cancer

information.

Generative LLM can be used to populate
Oncology CDM from the unstructured EHRs

Table 1. Oncologic data extracted from pathology and radiology reports

Figure 1. Overall performance of GPT-40 on classification of cancer stage
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A total of 4,211 pathology and radiology reports
from 1,000 patients were analyzed.

The agreement between LLM-derived AJCC
stage and AJCC stage from structured EHRs is
presented using confusion matrix in Figure 1.
The overall accuracy of LLM-derived staging
was 0.86. Cohen’s Kappa was 0.82 (95%

confidence interval [Cl], 0.78-0.85).

Figure 2 shows the comparison of TNM staging
groups according to the AJCC 7/th and 8th
edition.

Is that the inclusion of new stage involving
peritoneal metastasis (stage IVC).

 As a result, 19 patients, originally classified as
stage IVA or IVB under the 7th edition, were
reclassified as stage IVC.

CONCLUSION

 This s study. Generative LLMs
demonstrate feasibility in automating the
extraction of structured cancer information from

ongoing

unstructured EHRSs.

 This approach has the potential to construct
well-fined future
reducing the workload of human experts.

resources for research,

standardize the cancer-specific data from the
EHR based on the OMOP Oncology Extension.
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