
ABSTRACT
Introduction. Large language models (LLMs) are being explored for 
multiple applications in medical research, including medical text clas-
sification. Authors of the study evaluated the performance of three 
off-the-shelf LLMs in classifying unstructured free-text CT pulmonary 
angiography reports for pulmonary embolism (PE)-related diagnostic 
labels.
Methods. Authors assessed human-labeled CT reports using three 
LLMs (ChatGPT-4o, Llama 3.3 70B, and Llama 3.1 8B) with zero-shot 
simple and chain-of-thought (CoT) prompts. Classification tasks in-
cluded acute PE (N = 1,025) and, among reports with PE (n = 660), bi-
lateral PE and large PE.
Results. LLMs demonstrated high classification performance for acute 
PE and bilateral PE but lower performance for large PE. With simple 
prompts, the highest F1 scores were 97.0% for acute PE (Llama 3.1 8B; 
sensitivity, 95.6%; specificity, 97.3%), 92.9% for bilateral PE (ChatGPT-
4o; sensitivity, 98.0%; specificity, 88.6%), and 72.8% for large PE 
(ChatGPT-4o; sensitivity, 82.9%; specificity, 82.2%). CoT prompting did 
not meaningfully improve acute PE classification but provided slight 
improvements in subclassification performance for bilateral and large 
PE.
Conclusions. Off-the-shelf LLMs can classify free-text CT reports us-
ing simple prompt engineering and may facilitate automated data ex-
traction for medical research following appropriate evaluation of clas-
sification performance.

INTRODUCTION
In clinical research, extracting structured data from unstructured med-
ical reports is a potential application of large language models (LLMs). 
Historically, various natural language processing (NLP) systems have 
been considered the standard for automated information extraction 
from free-text documentation.1 Although these systems computa-
tionally are efficient, they lack flexibility and often require substantial 
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task-specific customization and preprocessing.2 In con-
trast, LLMs offer greater semantic flexibility and contextual 
understanding; however, they computationally are inten-
sive, prone to hallucinations, and may not consistently fol-
low prompt instructions.3 
	 We therefore investigated the utility of readily available, 
off-the-shelf LLMs for extracting pulmonary embolism (PE) 
labels from free-text computed tomography pulmonary 
angiography (CTPA) reports using simple zero-shot and 
chain-of-thought (CoT) prompting. In simple zero-shot 
prompting, the LLM directly is prompted to provide a yes/
no classification without worked input-output examples. 
In CoT prompting, the LLM is prompted to first generate 
a description of the report and then provide a yes/no clas-
sification, also without worked examples. Previous studies 
have evaluated LLMs for extracting structured information 
from free-text clinical notes.4-6 The aim of our study was 
to assess the reproducibility of these findings and directly 
compare simple zero-shot and CoT prompting strategies.

METHODS
This study was approved by the Institutional Review Board 
(IRB) of the University of Kansas Medical Center and did 
not require informed consent because of its retrospective 
design. The manuscript was prepared in accordance with 
the CHART (Chatbot Assessment Reporting Tool) state-
ment for reporting evaluations of artificial intelligence 
chatbots, as recommended by the EQUATOR Network.7 
We identified CTPA reports from the University of Kansas 
Health System from 2010 to 2022 using a natural language 
search for PE-related terms in Illuminate® Insight™ (Softek 
Illuminate Inc., Overland Park, KS), a clinical search en-
gine, as part of a larger project evaluating PE diagnosis and 
outcomes. Patients with eligible CTPA reports were ran-
domly assigned to four medical students for chart review 
using a REDCap® form. Each chart was reviewed by only 
one student, and the original CTPA report text was used for 
adjudication.
	 Anonymized CTPA report text was uploaded to a HI-
PAA-compliant, cloud-based institutional research plat-
form built on Databricks® (Databricks, Inc., San Francisco, 
CA). Three LLM endpoints: ChatGPT-4o (released May 
2024; closed-source, developed by OpenAI PBC, San Fran-
cisco, CA), Llama 3.3 (70 billion parameters; released De-
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cember 2024; open-source, developed by Meta Platforms, 
Inc., Menlo Park, CA), and Llama 3.1 (8 billion parameters; 
released July 2024; open-source, developed by Meta Plat-
forms, Inc., Menlo Park, CA) were queried independently 
on October 8, 2025, in Kansas City, USA, using the same 
prompts. The primary classification task was acute PE (yes/
no), based on the radiologist’s impression (Table 1). Among 
reports classified as positive for acute PE, additional sub-
classification tasks assessed bilateral PE (defined as acute 
PE findings in both lungs, whether explicitly described or 
implicitly indicated) and large PE (defined as lobar involve-
ment or greater). LLM outputs were post-processed using 
simple string-matching rules to extract binary labels. 
	 CoT prompting was evaluated using the same three LLM 
endpoints. The prompts instructed the LLM to provide an 
explanation of the PE-related findings in the CTPA report 
followed by a binary conclusion. The output from this ini-
tial query was provided to a second LLM query, which was 
instructed to extract a single-word binary outcome from the 
preceding output.
	 For each classification task, we constructed voting en-
semble models by aggregating the binary outputs from 
all three LLMs separately for simple and CoT prompting. 
Ensemble performance was evaluated at different voting 
thresholds based on the number of LLMs producing a posi-
tive classification.
	 We also evaluated the performance of the LLMs against 
a rule-based natural language processing (NLP) approach 
using regular-expression (Regex) string matching (detailed 
in the Supplementary Material, available online at journals.
ku.edu/kjm). The matching rules were predefined based on 
domain expertise and were not iteratively refined after ini-
tial specification to avoid overfitting and ensure a fair com-
parison with the zero-shot LLM approaches.
	 LLM performance was evaluated using sensitivity, spec-
ificity, precision, accuracy, and F1 score, with human-la-
beled data serving as the reference standard. All analyses 
were performed using R® (version 4.4.1; R Foundation for 
Statistical Computing, Vienna, Austria).

RESULTS
Patient charts for 1,106 CTPA reports were manually re-
viewed for acute PE. Of these, 81 were excluded because of 
equivocal or undetermined findings, leaving 1,025 reports 
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for analysis. Acute PE was present in 660 (64.4%) reports; 
among the 642 reports with non-missing bilateral labels, 
300 (46.7%) were bilateral and among the 660 reports with            
acute PE, 187 were classified as large PE. Manually extract-
ed yes/no labels for bilateral PE were missing for 18 (2.7%) 
patients, who were excluded from the bilateral PE analysis.

Acute PE (Yes/No)
As shown in Table 2, with simple prompting, Llama 3.1 8B 
achieved the numerically highest F1 score (97.0%), fol-
lowed by ChatGPT-4o (96.3%) and Llama 3.3 70B (95.5%) for 
acute PE classification. With CoT prompting, performance 
declined across all three models (F1 scores: ChatGPT-4o, 
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95.6%; Llama 3.3 70B, 94.7%; Llama 3.1 8B, 88.8%). The rule-
based NLP approach had an F1 score of 75.8%.

Bilateral PE (Yes/No)
With simple prompting, ChatGPT-4o achieved the numer-
ically highest F1 score (92.9%), followed by Llama 3.3 70B 
(90.3%) and Llama 3.1 8B (84.5%). With CoT prompting, 
ChatGPT-4o and Llama 3.3 70B showed slight improve-
ments in performance (F1 scores, 93.6% and 93.8%, respec-
tively), whereas Llama 3.1 8B showed no change (84.5%). 
The rule-based NLP approach had an F1 score of 66.7%.
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Table 1. Prompts provided to the large language model for each report. 

Task Simple Prompt Chain-of-Thought Prompt
Acute PE 
(Yes/No)

Evaluate the following CT scan report to determine 
if the patient has acute pulmonary embolism or 
not. This report is from a single patient only. Based 
on the contents of the clinical note, answer “yes” 
or “no” whether the report strongly suggest acute 
pulmonary embolism. Make sure to only return a 
single word answer, “yes” or “no” without any ex-
planations, words, symbols. If the report is sugges-
tive of chronic pulmonary embolism without any 
new acute PE, then conclude as “no”.

Evaluate the following CT scan report to determine 
if the patient has acute pulmonary embolism or 
not. This report is from a single patient only. Based 
on the contents of the clinical note, give a clear 
explanation about the description of pulmonary 
embolism related findings. Then conclude with a 
“yes” or “no” answer to whether acute pulmonary 
embolism is present or not. If the report is sugges-
tive of chronic pulmonary embolism without any 
new acute PE, then conclude as “no”.

Bilateral 
PE 
(Yes/No)

Evaluate the following CT scan report of a patient 
with acute pulmonary embolism to determine 
whether the patient’s report suggests bilateral PE 
i.e. acute PE findings are present in both the lungs. 
This report is from a single patient only. Based on 
the contents of the clinical note, answer “yes” or 
“no” whether the report strongly suggest that acute 
PE is bilateral in this patient. Make sure to only 
return a single word answer, “yes” or “no” without 
any explanations, words, symbols. Do not include 
findings related to chronic PE in making this deci-
sion.  

Evaluate the following CT scan report of a patient 
with acute pulmonary embolism to determine 
whether the patient’s report suggests bilateral PE 
i.e. acute PE findings are present in both the lungs. 
This report is from a single patient only. Based on 
the contents of the clinical note, give a clear expla-
nation about the description of pulmonary embo-
lism related findings. Then conclude with a “yes” or 
“no” answer to whether acute PE findings are pres-
ent in both lungs or not. Do not include findings 
related to chronic PE in making this decision.

Extent 
of PE 
(Large/
Small)

Evaluate the following CT scan report of a patient 
with acute pulmonary embolism to determine 
whether the patient’s report suggests large PE 
defined as affecting the lobar arteries, right or 
left pulmonary arteries, or being a saddle PE. The 
embolism should be classified as small if it is seg-
mental or sub-segmental. If the affected arteries are 
not provided but the report categorically mentions 
it to be small, then answer it to be small. In case 
findings are suggestive of both small and large PE, 
answer it to be large. Based on the contents of the 
clinical note, answer “large” or “small” for acute 
PE in this patient. Make sure to only return a single 
word answer, “large” or “small” without any expla-
nations, words, symbols. Do not include findings 
related to chronic PE in making this decision.

Evaluate the following CT scan report of a patient 
with acute pulmonary embolism to determine 
whether the patient’s report suggests large PE 
defined as affecting the lobar arteries, right or left 
pulmonary arteries, or being a saddle PE. The em-
bolism should be classified as small if it is segmen-
tal or sub-segmental. If the affected arteries are 
not provided but the report categorically mentions 
it to be small, then answer it to be small. In case 
findings are suggestive of both small and large PE, 
answer it to be large. Based on the contents of the 
clinical note, give a clear explanation about the de-
scription of pulmonary embolism related findings. 
Then conclude with a “large” or “small” answer for 
acute PE. Do not include findings related to chron-
ic PE in making this decision.
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Extent of PE (Large/Small)
Classification performance was lowest for large PE com-
pared with the other two classification tasks. With simple 
prompting, ChatGPT-4o had the highest F1 score (72.8%), 
followed by Llama 3.3 70B (71.8%) and Llama 3.1 8B 
(61.7%). With CoT prompting, there were slight numerical 
improvements in performance across all three models (F1 
scores: ChatGPT-4o, 74.1%; Llama 3.3 70B, 72.4%; Llama 
3.1 8B, 62.9%). The rule-based NLP approach had an F1 
score of 56.6%.
	 As shown in Supplementary Tables 1 and 2 (available 
online at journals.ku.edu/kjm), combining the outputs 
of the three LLMs in voting ensemble models resulted in 
slight absolute improvements in performance. For the 
simple-prompt voting ensemble, the highest F1 scores 
were 97.6% for acute PE (≥1 vote), 93.3% for bilateral PE 
(≥3 votes), and 73.2% for large PE (≥3 votes). For the CoT-
prompt voting ensemble, the highest F1 scores were 95.3% 
for acute PE (≥2 vote), 94.5% for bilateral PE (≥2 votes), and 
72.7% for large PE (≥3 votes).

DISCUSSION
We evaluated the performance of three publicly available, 
off-the-shelf LLMs for extracting PE-related diagnostic la-
bels from free-text CTPA reports. The key findings of our 
study are as follows. First, all tested models, including 
the smaller and computationally efficient Llama 3.1 8B, 
demonstrated high classification performance for the rela-
tively straightforward task of identifying acute PE. Second, 
performance declined across models for more nuanced 
classification tasks, including identification of bilateral PE 
and large PE. Although Llama 3.1 8B maintained relative-
ly strong performance for bilateral PE, it had the lowest F1 
scores among the three models for both subclassification 
tasks, suggesting that larger or better-tuned models may 
be more reliable for more nuanced information extraction. 
Third, CoT prompting did not improve performance for the 
straightforward primary classification task but may provide 
modest improvements for more nuanced classifications. 
Fourth, voting ensemble models that aggregated binary 
outputs from multiple LLMs yielded only marginal im-
provements in overall performance; however, adjusting the 

voting threshold provided a means of tuning the balance 
between sensitivity and specificity.
	 This analysis builds upon several recent studies evalu-
ating LLMs for structuring free-text clinical data.8-12 As re-
ported in these studies, although LLMs relatively are easy 
to deploy and can achieve high classification performance, 
they may produce inconsistent outputs that are difficult to 
predict and systematically mitigate.13 LLMs are also prone 
to hallucinations, in which they generate information or la-
bels that are unsupported by the input or assign classifica-
tions when the available information is ambiguous.14

	 LLMs are based on transformer architectures that use 
contextual representations to predict subsequent tokens 
in a sequence.15 Unlike conventional rule-based NLP ap-
proaches, LLMs do not rely solely on explicitly defined 
terms or patterns to assign classifications. This flexibility 
may contribute to their ability to recognize contextual re-
lationships in free-text reports but also makes their outputs 
less transparent and more probabilistic. Moreover, in most 
LLM endpoints, the prompt instructions and input text, 
such as clinical reports, are provided as part of a single in-
put sequence. This may make LLM-based systems sensitive 
to irregularities in free-text input, including unexpected 
formatting, special characters, or potentially adversarial in-
structions embedded within the input.
	 Nonetheless, our findings demonstrate good empirical 
performance of zero-shot LLMs for free-text classification, 
particularly for relatively straightforward tasks such as 
acute PE diagnosis. Based on these observations, we pres-
ent a general framework for binary label classification using 
LLMs in Figure 1.
	 CoT prompting is a technique in which the model is 
prompted to generate intermediate reasoning steps before 
providing a final answer, which may improve classification 
performance and provide additional information for re-
viewing the basis of a classification.16 In our dataset, perfor-
mance for the primary classification of acute PE was lower 
with CoT prompting than with simple prompting. The de-
cline was most pronounced for the smallest LLM, Llama 3.1 
8B, suggesting that smaller models may be less suitable for 
CoT prompting in this setting. In contrast, CoT prompting 
produced modest improvements in performance for the 
subclassification tasks of bilateral and large PE.

http://journals.ku.edu/kjm
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Figure 1. A general outline for binary label classification of free-text clinical reports using a simple large language model 
and natural language search framework. 
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	 Alternatives to LLMs include rule-based NLP approach-
es. However, these approaches can be brittle to minor vari-
ations in language and may therefore have limited sensi-
tivity or specificity.17,18 Machine-learning and hybrid NLP 
approaches are other alternatives for text classification and 
can achieve high classification performance but generally 
require substantial numbers of training samples and exten-
sive testing before deployment.19,20 Fine-tuning LLMs can 
improve classification performance but is resource-inten-
sive, requires labeled datasets, and produces task-specific 
models that may be less practical for smaller-scale research 
projects.21

Limitations
First, we used label-enriched reports that were prefiltered 
using a natural language search for PE-related terms. This 
sampling approach may have resulted in a study population 
that differs from the broader population of CTPA reports 
encountered in clinical practice and may have affected ob-
served classification performance. Second, each case was 
manually labeled by a single reviewer from a group of four 
medical students without independent cross-verification. 
In addition, reviewers may have considered broader clin-
ical information from the patient charts beyond the CTPA 
reports when assigning labels, whereas the LLMs were pro-
vided only with the CTPA report text. This difference be-
tween the human labeling process and the LLM input may 
have introduced misclassification and affected estimates of 
model performance. Third, we did not evaluate the effects 
of varying LLM hyperparameters or prompt formulations 
on performance. Finally, larger studies involving more di-
verse clinical reports and classification tasks are needed to 
evaluate the generalizability of our findings.

CONCLUSIONS
Off-the-shelf LLMs effectively can classify free-text CTPA re-
ports into diagnostic labels using simple zero-shot prompts. 
In this study, larger models, Llama 3.3 70B and ChatGPT-
4o, generally demonstrated higher observed performance 
than the smaller Llama 3.1 8B model, particularly for more 
nuanced classification tasks. Further research is warranted 
to evaluate the utility of LLMs for medical text classification 
across diverse clinical datasets, prompting strategies, mod-
el architectures, and hybrid NLP approaches.
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