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Abstract

Background: Large language models, such as Generative Pre-trained Transformer-4 (GPT-4), utilize a method known as in-
context learning, which enhances the model's responses by understanding the context provided within the input text.

Objective: This study aims to assess the labeling efficacy of Generative Pre-trained Transformer-4 in radiology reports and to
validate the performance enhancement through in-context learning.

Methods: In this retrospective study, radiology reports were obtained utilizing the Medical Information Mart for Intensive Care
III (MIMIC-III) database, and the reports were manually labeled by two radiologists for performance evaluation. Two
experimental prompts were defined for comparison: the “Basic prompt,” which included sections for “Task” and “Output,” and
the “In-context prompt,” which added a “Context” section for additional information. Labeling experiments were conducted on
head CT reports for multi-label classification of ten predefined labels (mass, hemorrhage, infarct, vascular, white matter, volume
loss, hydrocephalus, pneumocephalus, foreign body, and fracture) - Experiment 1. Labeling abdomen CT reports for multi-label
classification of actionable findings based on four different sections (gastrointestinal, genitourinary, musculoskeletal, and
vascular) - Experiment 2. Precision, recall, F1-scores, and accuracy were compared between the two prompting scenarios.

Results: In Experiment 1, for most labels, In-context prompts demonstrated a notable improvement in F1 scores (up to 0.658)
and accuracy (up to 0.155), except for hemorrhage and pneumocephalus labels. Statistically significant differences were
observed in four labels (vascular, hydrocephalus, mass, foreign body). For Experiment 2, the In-context prompt significantly
enhanced F1 scores (by up to 0.306) and accuracy (by up to 0.107) across all labels, compared to Basic prompts.

Conclusions: Our study demonstrated that Generative Pre-trained Transformer-4 with prompt engineering has commendable
performance in various labeling tasks in real-world radiology reports. It offers a flexible, researcher-tailored approach to labeling
tasks using in-context learning.
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Original Paper

Labeling  Radiology  Report  With  Generative  Pre-trained
Transformer-4  Prompt  Engineering:  Comparative  Study  of  in-
Context Prompting 

Abstract

Background: Large language models, such as Generative Pre-trained Transformer-4 (GPT-4), utilize
a method known as in-context learning, which enhances the model's responses by understanding the
context provided within the input text.

Objective: This study aims to assess the labeling efficacy of Generative Pre-trained Transformer-4 in
radiology reports and to validate the performance enhancement through in-context learning. 

Methods:  In  this  retrospective  study,  radiology  reports  were  obtained  utilizing  the  Medical
Information Mart for Intensive Care III (MIMIC-III) database, and the reports were manually labeled
by  two  radiologists  for  performance  evaluation.  Two  experimental  prompts  were  defined  for
comparison: the “Basic prompt,” which included sections for “Task” and “Output,” and the “In-
context prompt,” which added a “Context” section for additional information. Labeling experiments
were conducted on head CT reports  for multi-label classification of ten predefined labels (mass,
hemorrhage, infarct, vascular, white matter, volume loss, hydrocephalus, pneumocephalus, foreign
body, and fracture) - Experiment 1. Labeling abdomen CT reports for multi-label classification of
actionable findings based on four different sections (gastrointestinal, genitourinary, musculoskeletal,
and vascular) - Experiment 2. Precision, recall, F1-scores, and accuracy were compared between the
two prompting scenarios.

Results: In Experiment 1, for most labels, In-context prompts demonstrated a notable improvement
in F1 scores (up to 0.658) and accuracy (up to 0.155), except for hemorrhage and pneumocephalus
labels.  Statistically significant differences were observed in  four labels (vascular,  hydrocephalus,
mass, foreign body). For Experiment 2, the In-context prompt significantly enhanced F1 scores (by
up to 0.306) and accuracy (by up to 0.107) across all labels, compared to Basic prompts.

Conclusions: Our  study  demonstrated  that  Generative  Pre-trained  Transformer-4  with  prompt
engineering has commendable performance in various labeling tasks in real-world radiology reports.
It offers a flexible, researcher-tailored approach to labeling tasks using in-context learning.

Keywords:  Radiology Report;  Generative  Pretrained Transformer  4;  Prompt  Engineering;  Large
Language Model; Natural Language Processing
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Introduction

Artificial  intelligence (AI) is  being increasingly used to  label  free-text  radiology reports for
assigning their clinical relevance. These radiology report labels have wide applications, such as
improving patient management, assisting in treatment planning, and enhancing the training of
AI models for clinical prediction [1–4]. Therefore, these labels must be generated accurately
and efficiently.
 
Traditional  natural  language  processing  (NLP)  deep  learning  models  such  as  bidirectional
encoder representations from transformers (BERT), often require extensive training data for a
single task, and have limited usage, leading to most radiology report data being primarily used
for creating labeling models.  Therefore,  foundational models that can handle multiple tasks
without requiring training data for each task are required [5].

Large  language  models  (LLMs),  such  as  Generative  Pre-trained  Transformer-4  (GPT-4),
originally  designed  for  general  tasks,  have  proven  effective  in  specialized  fields  such  as
medicine, particularly in radiology [6–8]. LLMs not only excel at medical writing, structuring
radiology reports, impressions generation, advanced reasoning, and data mining [9–14], but
also  have  demonstrated  commendable  performance  in  chest  X-ray  report  labeling,  even
without domain-specific training [15, 16].

Traditional deep learning models and LLMs differ in that the latter models require tasks to be
defined  through  natural  language  text,  known  as  "Prompt."  This  differs  from  traditional
approaches  that  typically  have  fixed  input  and  output  contexts.  Consequently,  the  LLM
performance can vary in the same task depending on the prompt used. "Prompt engineering,"
which  focuses  on  refining  these  prompts  to  optimize  LLM  performance  without  domain-
specific  training,  has gained attention in this regard [17,  18].  This emphasizes that  the full
potential of the model cannot be achieved without appropriately crafted prompts.

In the field of radiology, the importance of crafting appropriate prompts has been reported.
While  studies  by  Mukherjee  et  al.  and  Fink  et  al.  demonstrate  that  different  prompts  can
enhance task performance in radiology, the specific differences between the prompts and the
exact prompting strategies used remain unclear [9,  16].  Nguyen reported the application of
specific  prompt  engineering  in  decision-making  tasks  based  on  the  American  College  of
Radiology (ACR) appropriate criteria using ChatGPT and Google's Bard [19]. However, to our
knowledge, no study has applied a specific prompt engineering methodology using GPT-4 in
actual radiology reports for evaluating the performance of labeling tasks.

Based on this background, we aim to investigate whether GPT-4 can perform labeling tasks on
complex  real-world  radiology  reports  without  training  data,  through  appropriate  prompt
design. Additionally, we examine whether further performance enhancements can be achieved
through  prompt  engineering.  Specifically,  we  utilize  in-context  learning,  where  the  model
learns from specific contexts provided in the prompt (Textbox 1). First, we evaluate GPT-4's
multi-label classification performance on 10 predefined labels in head CT reports. Second, we
evaluate GPT-4's multi-label classification performance on actionable findings developed by
the ACR workgroup in abdomen CT reports [20]. 

Textbox 1. General example of in-context learning by GPT-4.
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A. Prompt without in-context learning scenario

Human: 
Label the following.
pulmonary tuberculosis:

GPT-4: 
Pulmonary tuberculosis is an infectious disease primarily affecting the lungs, caused by the bacterium
Mycobacterium tuberculosis.  It  is  characterized  by  symptoms  such  as  a  persistent  cough,  often  with
sputum and blood, chest pain, weakness, weight loss, fever, and night sweats. Tuberculosis can spread
from person to person through airborne particles expelled when the infected individual coughs or sneezes.

If you're looking to label this condition in various contexts, here are some possible labels:

Medical Condition: Pulmonary Tuberculosis
Etiological Agent: Mycobacterium tuberculosis
Type of Disease: Infectious / Communicable Disease
System Affected: Respiratory System
ICD-10 Code: A15.0 - A15.9 (Tuberculosis of the lung, confirmed by sputum microscopy with or without
culture)
Treatment Approach: Antibiotic Regimen (e.g., Isoniazid, Rifampicin, Pyrazinamide, and Ethambutol)
Preventive Measure: Bacillus Calmette-Guérin (BCG) Vaccination
Diagnostic Test: Sputum Test, Chest X-ray, CT Scan, Tuberculin Skin Test, Interferon-Gamma Release
Assays (IGRAs)
Public  Health  Concern: Yes,  due  to  its  contagious  nature  and  potential  for  outbreak  Outcome  if
Untreated: Potentially fatal, can lead to extensive lung damage and spread to other organs

Labeling in this context implies providing a classification or identifying the characteristics of pulmonary
tuberculosis in various dimensions, such as its medical classification, pathogen responsible, its nature and
impact on health, and the approach for management and prevention.

B. Prompt with in-context learning scenario

Human: 
Label the following.
lung  cancer:  neoplasm
idiopathic pulmonary fibrosis: interstitial lung disease 
asthma: inflammatory disease

pulmonary tuberculosis: 

GPT-4: 
pulmonary tuberculosis: infectious disease
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Methods

This  research  utilized  de-identified,  publicly  available  datasets  and  did  not  involve  direct  data
collection  from  human  subjects,  exempting  it  from  Institutional  Review  Board  (IRB)  approval
requirements.

Report extraction, inclusion, and exclusion criteria

Figure 1 demonstrates the study flow. Reports were derived from the Medical Information Mart for
Intensive  Care  III  (MIMIC-III)  database,  which  is  publicly  accessible.  The  reports  were
retrospectively collected, and data from 53,150 patients admitted to the ICU at Beth Israel Deaconess
Medical Center in Boston, USA were de-identified. The reports encompassed over two million free-
text clinical notes, including diverse radiology reports from various imaging modalities [21]. This
ICU dataset is sufficiently anonymized and contains diverse and complex findings, making it ideal
for assessing the model’s labeling capacity.

For the multi-label classification of predefined labels, we employed head CT scans, which are less
explored in research than chest X-rays, despite containing various disease labels. Abdomen CT was
used for labeling actionable findings owing to its clinical significance and capacity to cover a broad
range of actionable findings. Within the MIMIC-III data, “Description” corresponds to various types
of  radiologic  assessments,  encompassing  apparently  relevant  descriptions  while  excluding  those
associated with the procedure (Figure 2). The inclusion criteria comprised the following: (i) Relevant
descriptions of head CT reports  and abdomen CT reports  not associated with the procedure.  (ii)
Random  sampling  of  200  head  CT  reports  and  400  abdomen  CT  reports  from  the  relevant
descriptions. Furthermore, there were no exclusion criteria after sampling the reports.

Radiology report labeling

Two board-certified radiologists, with experience over four and five years in radiologic practice,
respectively, performed the manual labeling of the radiology reports. Details on label selection and
annotation guidelines are available in the Multimedia Appendix 1. If a radiology report contained
findings described in the annotation instructions, the corresponding label was annotated as positive.
Following  the  manual  labeling,  the  level  of  agreement  was  evaluated,  and  in  instances  of
discrepancy,  a  consensus  was  achieved.  These  labels  served  as  the  ground  truth  for  model
performance evaluation. Given the extensive length of the radiology reports, a pre-annotation process
that employed regular expressions within the Python environment was introduced to improve the
efficiency and accuracy of  annotations.  This  process  involved identifying  keywords  and phrases
outlined  in  the  annotation  instructions.  Subsequently,  human  annotators  reviewed  the  entire
document  to  confirm  the  accuracy  of  the  pre-annotations  generated  by  the  regular  expressions
(Figure 3).

1) Experiment 1

Experiment  1  introduced a  total  of  ten  labels,  defined as  follows:  mass,  vascular,  volume loss,
infarct, white matter, hydrocephalus, foreign body, hemorrhage, fracture, pneumocephalus. Inspired
by  Wood's  study,  which  utilized  seven  specialized  categories  of  abnormality  and  five  general
abnormal categories in MRI report labeling, labels such as mass, vascular, volume loss, infarct, and
hydrocephalus were chosen. The annotation rules for each label were clearly defined, referring to the
annotation rules from the cited study [22]. Furthermore, incorporating insights from Lorga's study,
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labels  frequently  identified  in  noncontrast  head  CT  scans,  such  as  hemorrhage,  fracture,  and
pneumocephalus, were also included [23].

1) Experiment 2

 The definition of "actionable finding" in this study is based on the categories outlined by the ACR
actionable reporting work group [20].  Category  1 is  defined by “critical  or  urgent  findings  that
require communication within minutes,” such as closed loop intestinal obstruction. Category 2 is
defined by “clinically significant findings that require communication within hours,” such as intra-
abdominal infections such as appendicitis and cholecystitis.  Category 3 findings are incidental or
unexpected but do not require immediate treatment or other action, such as liver cirrhosis.
 To assess GPT-4's ability to identify urgent findings, this study merges Categories 1 and 2, defining
"actionable findings" as those necessitating communication within hours. The categorization for this
research incorporates findings from the gastrointestinal (GI), genitourinary (GU), musculoskeletal
(MSK), and vascular sections within the abdomen and pelvis. 
 Findings from the lung base, such as pulmonary thromboembolism detected on abdominal CT, were
excluded from this study. The study also excludes the “General” actionable section, which involves
subjective  decisions  such  as  “determining  that  the  interpreting  radiologist  requires  immediate
physician notification.” Additionally,  findings that are unobservable or unevaluable via Abdomen
CT, such as fetal Doppler ultrasound findings, and those outside the abdomen, such as coronary
artery  occlusion,  were  also  excluded.  Findings  previously  deemed  actionable  but  showing  no
significant  interval  change  were  not  classified  as  actionable  in  this  study.  In  contrast,  findings
indicative of progression were considered actionable. When no comparison with previous findings
was mentioned, observations were considered novel for this study and annotated accordingly.

Prompt engineering

1) Background

Prompt engineering emerges as a field of study that effectively enhances the performance of Large
Language  Models  (LLMs)  without  the  necessity  for  fine-tuning  by  carefully  crafting  the  input
prompt.  Numerous  prompt  engineering  techniques  have  been  introduced,  notably  few-shot
prompting,  which  enhances  performance  through  examples;  chain-of-thought  prompting,  which
increases accuracy through stepwise reasoning; and other advanced methodologies that apply these
concepts [24–26]. While various prompt engineering methodologies differ in specifics, they share the
commonality of providing context to the model and guiding it through multiple processes before
generating an output, thereby inducing more accurate responses.
 This in-context learning is the ability of LLM to learn and apply new information or instructions
based on the context provided within a given input, without requiring explicit retraining or updates to
the model. This approach easily allows the model to tailor its responses based on the biases and
nuances  embedded  in  the  user-provided  context,  potentially  reinforcing  the  user's  perspective.
Consequently,  this  in-context  learning  encompasses  a  spectrum  of  learning  modalities  through
various contexts, including one-shot learning and few-shot learning, which involve providing one or
a few examples, as well as learning through instructions. It can therefore be considered an umbrella
term that captures these diverse learning contexts [27, 28].
 Furthermore, by structuring prompts using a template, we can systematically define and integrate the
various elements of a prompt, enhancing the model's performance. This approach enhances model
consistency  by  defining  tasks,  promotes  in-context  learning  by  providing  context,  and  reduces
verbosity in responses by specifying output formats [24]. The CO-STAR framework, which employs
structured prompting techniques, exemplifies this approach's effectiveness. By integrating various
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elements and aligning the model's objectives with the context, CO-STAR played a crucial role in
winning the GPT-4 prompting competition organized by the Government Technology Agency of
Singapore (GovTech), highlighting the significance of structuring prompting elements [29]. 
 

2) Prompt engineering strategy used in this study

 Initially, the "Basic prompt" was designed to specifically instruct the model on the Initially, the
"Basic prompt" was designed to specifically instruct the model on the task and limit the output's
diversity by only including the concrete “task” and “output format” section. This approach aimed to
encourage the model  to  perform the task with greater  consistency by clearly defining what  was
expected in the output. By restricting the output format to JavaScript Object Notation (JSON) labels,
it prevented the generation of invalid outputs and unnecessary verbose sentences. Additionally, using
JSON  format  for  outputs  facilitated  parsing  multiple  labels  in  the  output  environment  and
streamlined the post-processing steps. From the perspective of the labeling task, no domain-specific
context was provided, allowing the model to freely respond based on its knowledge.
In the "In-context prompt" to test the in-context learning capabilities of LLMs, we provided the
annotation instructions used by human annotators in the labeling task as “context.” Since the ground
truth labels for evaluating the model's performance were derived from human annotators, it  was
reasonable to use the annotation instructions as the most appropriate context, containing examples
and  explanations  for  each label.  Summarized  annotation  instructions  were  incorporated  into  the
prompt's context aimed to verify the effectiveness of in-context learning. This strategy effectively
guided the model towards the desired labeling method while keeping the prompt relatively short
compared to providing entire examples of the report.
 In the GPT Application Programming Interface (API), prompts are categorized into User Prompts
(entered by human users) and System Prompts. System Prompts, often not visible to users on the
ChatGPT website,  define the model's role (e.g.,  “You are a helpful assistant”).  In this  study, we
assigned predefined prompts to the System Prompt and allocated only the radiology reports as User
Prompts.  This  approach  was  adopted  to  maintain  concise  prompts  and  code.  By  limiting  the
predefined  prompt  without  assigning  additional  roles,  we  aimed  to  ensure  the  model's  focus
remained solely on the desired task.
 Lastly, the increase in prompt length leads to a rise in the total number of tokens and, consequently,
an increase in the pricing for using GPT-4 model. This was quantitatively assessed by calculating the
token count of each prompt using the GPT-4 tokenizer [30]. The two predefined prompts used in the
actual experiment are provided in Table 1

Table 1. Prompts used in the experiments.

Basic prompt In-context prompt

Experiment 1

Prompt Task
- Categorize this report under the following
labels:  normal,  mass,  hemorrhage,  infarct,
vascular,  white  matter,  volume  loss,
hydrocephalus,  pneumocephalus,  foreign
body, and fracture
- Usually, there is one most suitable label, but if
multiple labels are deemed appropriate, several
of  them  may  be  assigned  (except  “normal”).

Output(JSON)
("Label": ["label 1," "label 2"])

Task
- Review the entire Head CT Report and categorize this report under
the following labels: normal, mass, hemorrhage, infarct, vascular,
white  matter,  volume  loss,  hydrocephalus,  pneumocephalus,
foreign body, and fracture
-  Usually,  there is  one most  suitable  label,  but  if  multiple  labels are
deemed  appropriate,  several  of  them  may  be  assigned  (except
“normal”).

Context
- "Normal" : absence of other predefined labels and cannot coexist with
other labels.
- "Mass" :  neoplasm, abscess, cyst, and other similar findings.
-  "Hemorrhage"  :  epidural  hematoma,  subdural  hematoma,
subarachnoid  hemorrhage,  intraparenchymal  hemorrhage,  and  other
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similar findings.
-  "Infarct"  :  acute infarct,  subacute  infarct,  chronic infarct  and other
similar findings.
-  "Vascular"  :  aneurysm,  vascular  steno-occlusive  lesion,  vascular
malformation, arteriovenous fistula, and other similar findings.
- “White matter”  : findings describing white matter inflammation,
small vessel disease, and other similar findings.
-  "volume  loss"  :  diffuse  brain  atrophy,  encephalomalacia,  post-
operative tissue changes, chronic infarction with volume loss, and other
similar findings.
-  "Hydrocephalus"  :  acute/chronic  stable  hydrocephalus,  ventricular
enlargement, normal pressure hydrocephalus, and other similar findings.
- “Pneumocephalus” :  any findings suggestive of pneumocephalus
on CT.
- "foreign body" : shunt, clips, coils, and other materials related to
surgery or procedure.
-  "Fracture"  :  any displaced/non-displaced bony fracture  on skull
and upper cervical vertebra

Output(JSON)
("Label": ["label 1", "label 2"])

Token count 92 386

Experiment 2

Prompt Task
-  Review  the  entire  abdomen  CT Report  and
classify  the  reports  into  actionable  and  non-
actionable  categories.  Actionable  findings  are
defined as findings that are urgent and need to
be communicated within hours.
-  Actionable  findings  should  be  further
categorized  into  GI,  GU,  MSK,  and  Vascular
sections  (refrain  from  evaluating  other
sections).  Note  that  there  can  be  multiple
sections  of  actionable  findings  in  a  single
report.
-  Actionable  findings  without  significant
interval  changes  compared  with  previous
studies  are  considered  non-actionable.  Only
findings  with  substantial  progression  are
defined as actionable.

Output format(JSON)
Either
(“Actionable”:  ["section 1", "section 2"])
or
(“Non-actionable”: “NA”)

Task
- Review the entire abdomen CT Report and classify the reports into
actionable  and  non-actionable  categories.  Actionable  findings  are
defined as findings that are urgent and need to be communicated within
hours.
- Actionable findings should be further categorized into GI, GU, MSK,
and Vascular sections (refrain from evaluating other sections). Note that
there can be multiple sections of actionable findings in a single report.
-  Actionable  findings  without  significant  interval  changes  compared
with previous studies are considered non-actionable. Only findings with
substantial progression are defined as actionable.

Context
Actionable findings are as below:
- GI
  - Unexplained pneumoperitoneum  
  - Intestinal obstruction (including closed loop intestinal obstruction  
  - Intestinal ischemia and/or portal/mesenteric venous gas  
  -  Pseudoaneurysm  or  active  hemorrhage  (post-trauma,  GI  bleed,
other)  
  - Intra-abdominal organ injury (liver, spleen, pancreas, other).
  - Abscess, any location  
  - Intra-abdominal infection, likely surgical or interventional candidate
(appendicitis, cholecystitis, diverticulitis, abscess, other)  
  - Large volume ascites  
  - Pneumatosis in the bowel wall, no other signs of ischemia

- GU
  - Torsion of testicular and ovarian.
  - High likelihood of ectopic pregnancy.
  - High-grade injuries to kidney, ureter, or bladder post-trauma.
  - Complications in post-operative kidney.
  - Obstructions in the urinary tract.
  - Pyonephrosis or renal abscess.
 - Placental abnormality

- MSK
  - Nonspinal fractures or dislocations.
  - Septic arthritis.
  - Necrotizing fasciitis.
  - Bone lesions with fracture risk.
  - Large hematomas with potential structural compression.
  - Changes in fracture alignment or infection risk.
  - Complications with surgical hardware.

- Vascular
  - Ruptured or leaking arterial aneurysms.
  - Arterial dissections or intramural hematomas.
  - Significant arterial stenosis or occlusion with acute symptoms.
  - Post-vascular access arterial pseudoaneurysms.
  - Abdominal aortic aneurysms exceeding 5 cm, if stable.
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  - Deep venous thrombosis.

Output format(JSON)
Either
(“Actionable”:  ["section 1", "section 2"])
or
(“Non-actionable”: “NA”)

Token count 145 534

.

3) Prompt Testing

In  prompt  engineering,  prompts  are  generally  refined  through  continuous  experimentation  and
evaluation to determine the optimal one (9). This often involves using a small dataset separate from
the test dataset (24). However, in our experiment, we tested prompts directly on the test dataset,
avoiding separate prompt refining experimentation. We selected this method owing to concerns that
using extra information for prompt engineering might lead to prompts overly tailored to the test
dataset, which compromises generalizability. To assess the model's zero-shot performance without
training or validation data, we created contexts aligned with the annotation instructions from the
human annotator before the main experiment.

Detailed GPT-4 setting

The study was conducted using the GPT-4 Application Programming Interface (API) in a Python
development environment, where each query was executed within a new session. To enhance the
consistency of the outputs through prompt engineering, the “temperature” parameter, which governs
the  diversity  of  the  model's  responses,  was set  to  zero.  The zero  setting  compels  the  model  to
produce the most probable answer to the same query, thereby reducing the likelihood of format errors
in  the  output  and  potentially  increasing  the  reproducibility  of  the  study.  Default  values  were
maintained for other parameters. Token counts for each prompt were determined using OpenAI’s
GPT-4 tokenizer [22]. All GPT-4 inferences and responses were collected on January 19, 2024.

Experiment 1 

Labels from ten predefined ones (mass, hemorrhage, infarct,  vascular, white matter, volume loss,
hydrocephalus, pneumocephalus, foreign body, and fracture) were assigned to a provided MIMIC-III
head CT report based on the identified report findings. Multiple labels could be assigned if the report
suggested multiple findings. GPT-4's labeling accuracy was assessed using two different prompts for
the same report.

Experiment 2

The ACR actionable reporting work group has classified “actionable findings” in radiology reports
into two categories based on the urgency of communication required and organized them according
to each anatomical section. Category 1 encompasses “critical findings that require communication
within minutes” (e.g., closed loop intestinal obstruction), while Category 2 includes findings that are
not  as  urgent  as  Category  1  but  “require  communication  within  hours”  (e.g.,  appendicitis  or
cholecystitis). To assess GPT-4's ability to distinguish clinically significant findings, in this study,
Category  1  and Category  2  were  deemed “actionable  findings.”  The task  involved categorizing
abdomen CT reports as either actionable or non-actionable, with the actionable findings as the ones
related to gastrointestinal (GI), genitourinary (GU), musculoskeletal (MSK), or Vascular sections.
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GPT-4's labeling accuracy was assessed using two different prompts for the same report. 

Statistical analysis

The accuracy of the entire report was assessed from the degree of agreement between two readers in
manual labeling. GPT-4's performance was evaluated in the two experiments against true labels for
computing precision, recall, F1-score, and accuracy. The difference in performance metrics between
the two prompting methods was determined by subtracting the Basic prompt outcomes from the In-
context  prompt  outcomes.  To  evaluate  the  significance  of  metric  differences  between  the  two
prompts,  we performed 1000 bootstrap iterations to calculate the 95% confidence interval of the
samples. Statistical  significance was determined when the confidence interval excluded zero.  All
statistical analyses and graphical representations were conducted in Python (version 3.11.4) utilizing
Pandas  (version  2.1.1),  SciPy  (version  1.6.3),  Matplotlib  (version  3.4.2),  and  Seaborn  (version
0.11.1).
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Results

Baseline characteristics

The  MIMIC-III  radiology  reports  that  were  included  are  described  in  Figure  2.  Baseline
characteristics across included datasets are described in Table 2. The reports comprised 200 head CT
reports, with a median word count of 279.5 (IQR, 215.5-349.75) and a sentence count of 15.5 (IQR,
11.0-19.0). A total of 174 patients (93 male) were included with median age of 62.0 years (IQR,
48.0-74.0).  Further,  400 abdomen  CT reports  were  included,  with  a  higher  median  word  count
(570.5, IQR, 452.25-676.0) and sentence count (34.0, IQR, 25.75-41.0). Herein, 311 patients (176
males) were included with a median age of 62.0 years (IQR, 49.0-74.0).

Table 2. Baseline characteristics of included MIMIC-III datasets

  Head CT reports Abdomen CT reports

Report count 200 400

Word count 279.5 (215.5-349.75)

 

570.5 (452.25- 676.0)

 

Sentence count 15.5 (11.0-19.0) 34.0 (25.75-41.0)

 

Patient count 174 311

Age 62.0 (48.0-74.0) 62.0 (49.0-74.0)

Sex (male) 93 176

a. Median(Q1-Q3)

Experiment 1

The label  distribution of  Experiment  1  was as  follows:  Vascular  (n=131),  Hemorrhage (n=114),
Infarct  (n=54),  Foreign  body  (n=44),  Volume loss  (n=30),  White  matter  (n=27),  Hydrocephalus
(n=18), Fracture (n=17), Mass (n=16), Pneumocephalus (n=7, Figure 4A). Among the reports, 7 did
not have labels. For the labeled reports, there was an average of 2.37 labels per report (458 labels
across  193 reports).  Excellent  agreement  was  obtained  in  the  manual  labeling  of  the  radiology
reports between the two readers (accuracy: 0.91). 
 Using a Basic prompt, GPT-4 demonstrated commendable performance across most labels, with F1
scores ranging from 0.784 to 1.000, except for the labels “mass” and “foreign body” (Figure 5A).
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Labeling  of  “mass”  often  resulted  in  false  positives,  particularly  in  reports  describing  a  “mass
effect,” which led to a low precision of 0.48. The model struggled with the identification of surgical
materials as “foreign body,” resulting in false negatives and a low recall of 0.159.
 Notably, F1 scores for all categories except hemorrhage were enhanced in the In-context prompt.
Here, the F1 score for labeling “foreign body” jumped from 0.275 to 0.933, and for labeling “mass”
increased from 0.585 to 0.800. Significant  statistical  improvements were also observed in labels
“vascular” and “hydrocephalus.” In terms of accuracy, both prompts showed strong performance
overall (Basic prompt: 0.815 to 1.000, In-context prompt: 0.955 to 1.000, Figure 5B), with accuracy
increasing  for  all  labels  except  for  “hemorrhage.”  Statistically  significant  improvements  were
observed for “vascular,” “hydrocephalus,” “foreign body,” and “mass.”

Experiment 2

The label distribution of Experiment 2 was as follows: GI (n=81), GU (n=19), MSK (n=20), and
Vascular (n=25, Figure 4B). There were 129 actionable and 271 non-actionable reports. An average
of 1.12 labels per report were noted for those that were actionable (145 labels across 129 reports). A
satisfactory  agreement  was  found  in  the  manual  labeling  of  radiology  reports  between  the  two
readers (accuracy: 0.81). Discrepancies occurred in cases involving non-conclusive imaging results
(e.g. unclear cause of pneumoperitoneum, or infections), situations requiring subjective judgment
without clear cutoffs (e.g. large volume ascites), or subjective risk assessment based solely on report
descriptions (e.g. risk for pathologic fracture).

The performance of the Basic prompt was relatively low, with F1 scores ranging from 0.585 to
0.622,  primarily  due  to  a  high  number  of  false  positives,  which  resulted  in  low  precision.
Contrastingly, the In-context prompt demonstrated a significant performance boost, with F1 scores
increasing  from  0.17  to  0.306  across  labels,  which  was  statistically  significant  (Figure  6A).
Regarding accuracy, both prompts exhibited robust performance (Basic prompt: 0.763 to 0.938, In-
context prompt: 0.870 to 0.988, Figure 6B), with the increase in accuracy observed across all labels
being statistically significant. Detailed performance of the two experiments can be found in Table 3,
Multimedia Appendix 2, and Multimedia Appendix 3.
Table 3. Performance metrics of both Basic prompt and In-context prompt in each experiment

Precision Recall F1-score Accuracy

Basic
Prompt

In-
context
Prompt

Difference 95% CI
Basic

Prompt

In-
context
Prompt

Difference 95% CI
Basic

Prompt

In-
context
Prompt

Difference 95% CI
Basic

Prompt

In-
context
Prompt

Difference 95% CI

Head CT

volume loss 0.952 0.889 -0.063
(-

0.174,
0.018)

0.667 0.800 0.133
(-

0.057,
0.323)

0.784 0.842 0.058
(-

0.078,
0.190)

0.945 0.955 0.01
(-

0.020,
0.040)

infarct 0.964 1.000 0.036
(0.000,
0.089)

1.000 1.000 0
(0.000,
0.000)

0.982 1.000 0.018
(0.000,
0.048)

0.990 1.000 0.01
(0.000,
0.025)

fracture 0.944 1.000 0.056
(0.000,
0.188)

1.000 1.000 0
(0.000,
0.000)

0.971 1.000 0.029
(0.000,
0.105)

0.995 1.000 0.005
(0.000,
0.015)

vascular 0.852 0.977 0.125
(0.073,
0.183)

0.969 0.969 0
(-

0.037,
0.038)

0.907 0.973 0.066
(0.031,
0.101)

0.870 0.965 0.095
(0.045,
0.145)

hydrocephalus 1.000 1.000 0
(0.000,
0.000)

0.722 0.944 0.222
(0.050,
0.421)

0.839 0.971 0.132
(0.030,
0.292)

0.975 0.995 0.02
(0.005,
0.040)

hemorrhage 0.983 0.966 -0.017
(-

0.042,
0.000)

1.000 1.000 0
(0.000,
0.000)

0.991 0.983 -0.008
(-

0.021,
0.000)

0.990 0.980 -0.01
(-

0.025,
0.000)

mass 0.480 0.737 0.257
(0.093,
0.436)

0.750 0.875 0.125
(0.000,
0.320)

0.585 0.800 0.215
(0.081,
0.373)

0.915 0.965 0.05
(0.020,
0.085)
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white matter 0.844 0.900 0.056
(-

0.045,
0.179)

1.000 1.000 0
(0.000,
0.000)

0.915 0.947 0.032
(-

0.033,
0.102)

0.975 0.985 0.01
(-

0.010,
0.030)

pneumocephalus 1.000 1.000 0
(0.000,
0.000)

1.000 1.000 0
(0.000,
0.000)

1.000 1.000 0
(0.000,
0.000)

1.000 1.000 0
(0.000,
0.000)

foreign body 1.000 0.913 -0.087
(-

0.143,
0.000)

0.159 0.955 0.796
(0.681,
0.915)

0.275 0.933 0.658
(0.519,
0.838)

0.815 0.970 0.155
(0.110,
0.225)

 Abdomen CT

GI 0.453 0.611 0.158
(0.099,
0.220)

0.827 0.987 0.16
(0.082,
0.244)

0.585 0.755 0.17
(0.112,
0.231)

0.763 0.87 0.107
(0.068,
0.148)

GU 0.383 0.633 0.25
(0.140,
0.402)

0.947 1.000 0.053
(0.000,
0.160)

0.545 0.776 0.231
(0.133,
0.348)

0.925 0.973 0.048
(0.025,
0.070)

MSK 0.419 0.690 0.271
(0.098,
0.450)

0.650 1.000 0.35
(0.136,
0.579)

0.510 0.816 0.306
(0.144,
0.481)

0.938 0.978 0.04
(0.015,
0.068)

Vascular 0.470 0.833 0.363
(0.236,
0.505)

0.920 1.000 0.08
(0.000,
0.200)

0.622 0.910 0.288
(0.182,
0.417)

0.930 0.988 0.058
(0.035,
0.083)

a. 95% confidence interval (CI) (2.5%, 97.5%)
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Discussion

GPT-4 demonstrated  high  accuracy  in  labeling  tasks  across  two experiments  without  using  any
training  data.  Notably,  providing  relevant  context  in  the  labeling  task  resulted  in  performance
improvements across most evaluation metrics. In Experiment 1, the In-context prompts, compared to
Basic prompts, showed an increase in F1 scores and accuracy for all labels except hemorrhage and
pneumocephalus,  with  statistically  significant  differences  observed  in  four  of  them  (vascular,
hydrocephalus,  mass,  and foreign  body).  Experiment  2  further  revealed  that  In-context  prompts
significantly enhanced F1 scores and accuracy across all labels when compared to Basic prompts.

 Previous labeling efforts have used various NLP techniques, from rule-based methods to domain-
specific BERT models.  Rule-based approaches, such as keyword or pattern searches (e.g., regular
expressions),  do  not  require  training  data  and provide  clear  interpretability  of  results.  However,
defining an exhaustive set of rules is impractical, and even when rules are established, they can lead
to a high number of false positives. For instance, phrases such as "No signs or evidence of infarct"
could be incorrectly labeled as indicating an infarct in contexts where it does not exist. Additionally,
despite  efforts  to  create  comprehensive  patterns,  these  methods  face  challenges  owing  to  the
variability of sentence structures, medical abbreviations, and typos [32–34]. Conversely, domain-
specific transformer models were reported to be adaptable across a range of report types [35–39].
However, to develop these models, often substantial amounts of training data are required. Moreover,
once trained for a specific task, the models lose their flexibility for other tasks, which restricts their
versatility.  Additionally,  many  BERT-based  models,  despite  good  performance,  lack  external
validation [40–43]. Consequently, these models fall short of serving as a universal tool for labeling
across various radiology reports.

LLMs overcome traditional method limitations through adaptability across tasks, thus highlighting
their versatility. However, they encounter challenges such as hallucination and overly varied outputs,
underscoring the need for prompt engineering to use their full potential. In this study, we leveraged
prompt  engineering  in  two  experiments  related  to  labeling  radiology  reports  for  completely
harnessing  the  potential  of  LLMs.  Utilizing  Basic  prompts,  GPT-4  consistently  produced  task-
aligned  outputs  with  a  uniform format  across  1,200  inferences.  Furthermore,  the  application  of
additional In-context prompting significantly improved performance in domain-specific tasks.

Experiment 1 showed high performance across both prompts, likely owing to the objective nature of
disease definitions, which may be included in the GPT-4 training corpus. However, the performance
was  lower  for  the  “foreign  body” category  under  the  Basic  prompt.  When  “foreign  body” was
provided  labeling  instructions  as  “Shunts,  Clips,  Coils,  Other  materials  related  to  surgery  or
procedure,” the model successfully inferred and labeled items that were not explicitly mentioned,
such as “ventriculostomy tube,” “ventriculostomy catheter,” and even “NG tube.” Moreover, in the
case of “Mass,” instances such as “mass effect” were incorrectly labeled as “Mass” in the Basic
prompt scenario. By simply refining the definition of mass through In-context prompting, these false
positive cases were reduced. In Experiment 2, the Basic prompt showed a high false positive rate for
all labels due to the model's subjective interpretation of “actionable finding,” which resulted in a
generally conservative response (except for "Large volume of ascites," leading to a false negative).
However, after providing a clear definition, the performance across all metrics noticeably improved,
suggesting  that  even  within  the  same  model,  the  interpretation  of  the  same  task— identifying
"findings require communication within hours," —can vary significantly depending on the prompt.

This suggests that tasks with a higher degree of subjectivity can derive increased benefit from the
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provision of contextual information in the prompts.  Although in situations where GPT-4 already
possesses the requisite knowledge and the answers are certain, such context might not add significant
value,  it  becomes a  highly effective method for  enhancing model  performance in  scenarios that
require  specific  domain  knowledge.  This  allows  for  a  flexible  enhancement  of  the  model's
capabilities, particularly in subjective tasks. This approach not only enhances the model's capabilities
but also facilitates a researcher-tailored labeling strategy, effectively unlocking the model's potential.

Furthermore,  In-context  prompting allows for  concise prompts  and efficiently  furnishes  domain-
specific information, thereby enhancing performance. Experiment 2 shows that the additional cost of
using  an  In-context  prompt  is  only  $0.015  per  report,  which  is  cost-effective  considering  the
performance  gain  [44].  Furthermore,  structured  prompts,  defined  output  formats,  and  a  zero-
temperature  setting  help  maintain  the  model's  consistency.  These  elements  affect  the  model's
consistency and accuracy, and therefore, need to be addressed to ensure the reproducibility of the
study.

This study has a few limitations, which can be addressed by future work in this field.  First,  the
performance may vary owing to the lexical complexity in reports; further, the experiments were only
performed on one dataset. Meanwhile, the MIMIC database being an ICU database, contains many
severe cases and complex reports. This can present a challenging situation for the LLM, thereby
making  our  positive  results  even  more  significant.  However,  future  studies  should  validate  the
efficacy of the models across various institutions, languages, and modalities in radiology reports.
Second, we exclusively tested the GPT-4. A significant concern with cloud-based LLMs such as
GPT-4 is data security, which is paramount for medical data. Although the data used in this study
were sufficiently anonymized within the report, the ideal scenario would involve the use of local
LLMs that can operate entirely offline [15, 45]. However, local LLMs might show less advanced
reasoning  capabilities  than  GPT-4  and  would  require  substantial  computational  resources  from
institutions. Future studies should validate models that are both effective in medical tasks and not
overly demanding on computing power. Models such as Llama2, Vicuna, and Flan-T5, previously
used on medical tasks, can serve as suitable candidates [16, 34, 46].

In  conclusion,  our  study  demonstrates  that  Generative  Pre-trained  Transformer-4,  with  prompt
engineering, exhibits commendable performance in various labeling tasks in real-world radiology
reports. It offers a flexible, researcher-tailored approach to labeling tasks using in-context learning.
The potential utility of these large language models in labeling reports can be beneficial for patient
management, research use, and AI model training, even with limited training data.
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Overall flow of the study.
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Inclusion and exclusion criteria of the MIMIC-III radiology reports.
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Example of Head CT report extracted from MIMIC-III database and its labeling.
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(A) Total number of labels labeled in Experiment 1. (B) Total number of labels labeled in Experiment 2.
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Bar plot indicates the F1 scores and accuracy for each label in Experiment 1, as measured by two different prompts by GPT-4.
Asterisk (*) indicates a statistically significant difference.
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Bar plot indicates the F1 scores and accuracy for each label in Experiment 2, as measured by two different prompts by GPT-4.
Asterisk (*) indicates a statistically significant difference.
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