Do General Purpose Large Language Models Outperform Domain-Specific
NLP Methods for Radiology Report Label Extraction?
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queries, termed context-GPT (C-GPT).

. A subset of reports (n = 200) were classified for any
pathological imaging finding by a radiology resident, which
was used to compare GPT performance in classifying all

Table 3. Individual disease label classification performance. Data shown is percent of reports that the
disease label was correctly classified. GPT-3.5 notably showed poor performance on identifying normal
reports (i.e. “no finding”) in comparison to CheXpert despite outperforming CheXpert on most disease label
classifications. This gap in performance decreased for GPT-4 and even further for C-GPT-4. GPT outperforms
CheXpert for labels that exhibit greater diversity in the language used to describe them by radiologists (e.q.

Figure 1. Total disease label classification performance. CheXpert correctly classified
92.6% (47514/51310) of the disease labels, outperforming GPT-3.5 at 91.0% (46717/51310)[P <
.001]. However, GPT-4 had an accuracy of 93.8% (48114/51310), greater than CheXpert (P <
.001). Allowing GPT to have context prior to its response improved performance for GPT-
3.5 (91% to 92.2% for C-GPT-3.5, P <.0001) and GPT-4 (93.8% to 94.5% for C-GPT-4, P =
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Cardiomediastinal silhouette and Table 2. Abnormal report and pathological findings classification task performance. suggesting that the time-consuming task of manual
.pu.lmonary vasculature are within normal None Normal 0O AaGPT-3.5 and GPT-4 achieved 99% (198/200) accuracy in classifying reports as normal annotation of reports can potentially be entirely automated.
limits. Lungs are Clear. No pneumothorgx or versus abnormal, outperforming CheXpert at 91.5% (183/200)[P = .003]. PGPT-4 correctly
pleural effusion. No acute osseous findings. identified 96.2% of the 368 pathological imaging findings in the 142 abnormal reports,

similar to GPT-3.5 at 94.0% (P = .08). Nof
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Table 1. Pathological imaging finding reference standard process. The findings section
from three reports from the Indiana Chest X-ray dataset are shown with the pathological
Imaging findings highlighted in red. Reports with no imaging findings listed in the
reference standard were classified as “normal’. Pathological imaging findings were defined
as any abnormal imaging finding, support device (e.g. endotracheal tube, pacemaker), or
post-surgical changes/hardware. Terms that indicated uncertainty about a pathological
Imaging finding were not counted in the reference standard, as previously described by
Demner-Fushman et al [2].
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