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Abstract

Purpose In this preliminary study, we aimed to evaluate the potential of the generative pre-trained transformer (GPT) series
for generating radiology reports from concise imaging findings and compare its performance with radiologist-generated
reports.

Methods This retrospective study involved 28 patients who underwent computed tomography (CT) scans and had a diag-
nosed disease with typical imaging findings. Radiology reports were generated using GPT-2, GPT-3.5, and GPT-4 based
on the patient’s age, gender, disease site, and imaging findings. We calculated the top-1, top-5 accuracy, and mean average
precision (MAP) of differential diagnoses for GPT-2, GPT-3.5, GPT-4, and radiologists. Two board-certified radiologists
evaluated the grammar and readability, image findings, impression, differential diagnosis, and overall quality of all reports
using a 4-point scale.

Results Top-1 and Top-5 accuracies for the different diagnoses were highest for radiologists, followed by GPT-4, GPT-3.5,
and GPT-2, in that order (Top-1: 1.00, 0.54, 0.54, and 0.21, respectively; Top-5: 1.00, 0.96, 0.89, and 0.54, respectively).
There were no significant differences in qualitative scores about grammar and readability, image findings, and overall qual-
ity between radiologists and GPT-3.5 or GPT-4 (p > 0.05). However, qualitative scores of the GPT series in impression and
differential diagnosis scores were significantly lower than those of radiologists (p <0.05).

Conclusions Our preliminary study suggests that GPT-3.5 and GPT-4 have the possibility to generate radiology reports with
high readability and reasonable image findings from very short keywords; however, concerns persist regarding the accuracy
of impressions and differential diagnoses, thereby requiring verification by radiologists.

Keywords Radiology report - Computed tomography - Deep learning - Large language model - Generative pre-trained
transformer
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Abbreviations

Al Artificial intelligence

CT Computed tomography

GPT Generative pre-trained transformer

LLM Large language model

MAP Mean average precision

MRI Magnetic resonance imaging

USMLE United States medical licensing examination
Introduction

In recent years, significant advancements have been made
in the field of diagnostic imaging due to the development of
computed tomography (CT), magnetic resonance imaging
(MRI), and other imaging equipment, as well as advances
in scanning methods. As a result, the utilization of these
imaging modalities has been on the rise in many countries.
The role of radiology reports has become extremely impor-
tant in the diagnosis and treatment of various diseases [1].
However, the increase in reading and reporting work has
led to the problem of radiologist burnout [2]. Radiologists
are facing an overwhelming amount of data to analyze and
report, which can lead to errors and delays in making radiol-
ogy reports. Therefore, it is crucial to find ways to address
the issue of radiologist burnout while maintaining the qual-
ity of radiology reports.

The rapid development of artificial intelligence (AI)
has demonstrated its value across various fields, and it has
become a prominent topic in the realm of diagnostic radi-
ology [3-7]. In radiology reports, Al has shown promise
in the interpretation of simple chest radiographs [8, 9], but
its performance in more complex modalities like CT and
MRI remains limited. The generative pre-trained transformer
(GPT), an advanced large language model (LLM) [10], has
recently gained significant attention due to its ability to pro-
duce human-like sentences with ChatGPT, a chat system
based on GPT-3.5. Additionally, recent research has shown
that GPT performed at or near the passing threshold for all
three exams of the USMLE without any specialized training
or reinforcement [11], and the usefulness for the transforma-
tion and the summarization of radiology reports [12, 13].
On the other hand, it has been reported that LLMs such
as the GPT series have the potential to generate inaccurate
content, referred to as hallucinations [14]. Consequently, we
hypothesize that GPT models have the potential for generat-
ing radiology reports or assisting radiologists in writing such
reports; however, research exploring these specific applica-
tions remains limited.

In this preliminary study, we embarked on an initial eval-
uation of the GPT series’ potential to generate radiology
reports from simple imaging findings, comparing its perfor-
mance to that of radiologist-generated reports.

Methods
Study design and population

This retrospective study was approved by the institutional
review board. Informed consent for this retrospective
study was waived by the institutional ethics committee.
This single-center, retrospective study was conducted to
evaluate the potential of the GPT series in generating radi-
ology reports and compare their performance with radi-
ologist-generated reports. For the purpose of calculating
the Mean Average Precision (MAP) in this study, a list of
image findings and their corresponding differential diag-
noses were required to feed into the GPT series. Hence,
we distilled a concise list of 28 image findings along with
their associated differential diagnoses from the “Radiol-
ogy Review Manual, 8th ed” (https://www.wolterskluwer.
com/en/solutions/ovid/radiology-review-manual-3568), a
reference extensively used in radiology, as presented in
Table 1. The 28 image findings selected for this study
are commonplace in radiology reports, and it has been
confirmed by the authors, as per the review manual, that
differential diagnoses can be reasonably inferred solely
from these image findings. Subsequently, a search was
performed within the radiology reporting system, focus-
ing on reports containing these basic findings within the
designated timeframe of January 2020 to February 2023.
The portions of the radiologists’ reports corresponding to
“image findings”, “impression”, and “differential diagno-
sis” of the selected patients were utilized as benchmarks
for comparison against the reports generated by the GPT
series.

We identified 28 patients whose radiology reports
included selected basic findings as shown in Table 1
between October 2002 and February 2023, and these
individuals were the subjects of this investigation. Subse-
quently, we included 28 patients (12 males and 16 females)
aged 5 to 86 years, with a mean age of 59.0 +24.1 years.
We searched the patients’ medical records and confirmed
their final diagnoses, which were determined by surgical
procedures, biopsy, or follow-up observations, and docu-
mented these in Table 1. All assessments were conducted
successfully for these patients.

Radiology report generation

Radiology reports were generated using GPT-2, GPT-3.5,
and GPT-4 models based on the patient’s age, gender,
disease site, and imaging findings. To generate radiol-
ogy reports using the GPT series, we used the custom-
ized prompt before the above information of each patient
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Table 1 Findings and final diagnoses

Organ Finding (*) Final diagnosis
Brain 1. Calcified intracranial mass 1. Anaplastic oligodendroglioma
2. Cyst with mural nodule 2. Pilocytic astrocytoma
3. Dense cerebral mass 3. Medulloblastoma
4. Deep ring-enhancing lesion 4. Metastatic brain tumor
5. Well-defined superficial enhancing mass 5. Meningioma
6. Multifocal enhancing lesions 6. Malignant lymphoma
7. Cystic mass in cerebellar hemisphere 7. Hemangioblastoma
8. Enhancing supra- and intrasellar mass 8. Pituitary adenoma
9. Suprasellar mass with calcification 9. Craniopharyngioma
Lung 10. Random nodules 10. Multiple pulmonary metastases
11. Centrilobular nodules without ground-glass opacities 11. Atypical mycobacterial infection
12. Pulmonary mass with air bronchogram 12. Lung cancer
13. Multiple pulmonary calcifications 13. Old tuberculosis
Mediastinum 14. Fat-containing mediastinal mass left atrial mass 14. Lipoma
15. Right atrial mass 15. Myxoma
16. Left atrial mass 16. Thrombus
Liver 17. Ring-enhancing targetlike liver mass 17. Intrahepatic cholangiocarcinoma
18. Hypervascular mass in normal liver 18. Hepatic adenoma
19. Hypervascular mass in chronic liver disease 19. Hepatocellular carcinoma
20. Hypervascular mass with central scar 20. Focal nodular hyperplasia
21. Delayed phase-enhancing lesion 21. Hemangioma
Pancreas 22. Hypervascular pancreatic tumors 22. Islet cell tumor
23. Pancreatic cyst with solid component 23. Mucinous cystadenocarcinoma
24. Macrocystic lesion of pancreas 24. Intraductal papillary mucinous neoplasm
Others 25. Mucocele of appendix 25. Appendiceal mucinous neoplasm
26. Heterogeneous fat-containing retroperitoneal mass 26. Liposarcoma
27. Fat-containing adrenal mass 27. Adrenal adenoma

28. Fat-containing renal mass

28. Angiomyolipoma

*The findings are as stated in the “Radiology Review Manual, 8th ed.” and the capitalization and other formatting adhere to that source

(Fig. 1). This prompt was generated based on a previously
reported radiology reporting guide [1]. To access GPT-2
and GPT-3.5, the researchers utilized OpenAl’s applica-
tion programming interface (API), which can be found at
https://openai.com/. This API is a system that processes
user inputs automatically on the service provider’s end and
subsequently returns the processed data. In this case, the
system was employed to send prompts and patient infor-
mation to OpenAl, which then generated the radiology
reports. During the period of this study, the model equiva-
lent to GPT-2 was “text-davinci-002”, and the one cor-
responding to GPT-3.5 was “gpt-3.5-turbo”’; both models
were used in this study. Unfortunately, in the study period,
GPT-4’s API had not yet been officially released, and the
permission for use by the public was limited to a cus-
tomized version for Microsoft Bing Chat. As a result, the
researchers input the above prompt and information into
Microsoft Bing Chat to obtain the radiology reports. The
GPT series utilized in this paper is an advanced form of
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the transformer, undergoing a conversion process termed
“token”. Details about this process can be found in the
supplementary material. Figure 2 illustrates an example of
a radiology report with visualized tokens generated using
the “tokenizer” (https://platform.openai.com/tokenizer).
For the sake of comparison, previously generated radi-
ologist-authored reports written in Japanese from the same
patients were also included in the study. Any unstructured
sections or content written in Japanese was translated
into English by a board-certified radiologist with over
20 years of research experience in the English language,
and another board-certified radiologist with 10 years of
English research experience checked translated English
reports. The translations were based on the previously
reported Radiology Reporting Guide [1] as well as reports
generated by GPT series and followed the categories
“Findings”, “Impressions”, and “Differential Diagnosis”.
We used these translated reports as the radiology reports
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Fig. 1 An example of “Prompt”
and “Information of a patient”.
Before inputting actual patient
data into the GPT series, it is
necessary to provide guidance
on the role and type of text to
be generated. This instruction is
called a “Prompt”. The prompt
serves as a way to inform the
language model about the
context and desired output. In
this case, the example prompt
explains that the output should
be from the perspective of a
radiologist and the purpose

of each part of the radiology
report. The “Prompt” is com-
mon for all patients, and only
the “Main text” portion varies
for each individual patient. This
approach ensures that the lan-
guage model receives consistent
contextual information while
tailoring the generated report

to the specific details of each
patient's case

Prompt

As a radiologist, you are required to draft a diagnostic imaging report in compliance with
the stipulated format, encompassing as few (no more than 5 at most) differential

diagnoses as possible based on the provided information.

## Format
Findings:
The findings section is for the factual observations about the study and reflects the
thought process of the radiologist, relies on technical language for precision, and

provides the basis for the subsequent formulation.

Impression:

The impression is the thoughtful synthesis of the meaning of the findings leading to a
diagnosis or differential diagnosis and recommendations for further management. It
represents the sum of all the efforts in interpreting the imaging study and answering the
clinical question. It should use clear unambiguous phrasing similar to that used when
speaking directly to an ordering provider or presenting at a multidisciplinary team

meeting.

Differential Diagnosis:
Provide a concise and prioritized catalogue of differential diagnoses without a
corresponding disease description, comprising no more than five suspects, ranked by

level of suspicion.

Main text

## Information

Age (years): 78

Sex: Male

Modality: Noncontrast CT

Location: The intra-axial region of the right frontal lobe of the brain.
Diameter: 67mm

Findings: Calcified Intracranial Mass
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written by radiologists for comparison with radiology
reports generated by GPT series.

Quantitative analysis of differential diagnosis

The quality of different diagnoses in radiology reports
was assessed quantitatively by calculating the top-1, top-5
accuracy, and MAP of radiology reports for radiologists,
GPT-2, GPT-3.5, and GPT-4. Top-1 and top-5 accura-
cies were defined as the proportion of cases where the

final diagnosis was ranked first and within the top five,
respectively. The MAP was calculated to provide a com-
prehensive evaluation of the ranking of correct diagnoses
by comparing the generated differential diagnoses to the
reference differential diagnoses in the “Radiology Review
Manual, 8th ed”. Precision was calculated for each rel-
evant diagnosis at each rank (i.e., if the correct diagnosis
appeared at rank 1, 2, 3, etc.), and the average of these
precision values was computed to obtain the MAP. This
measure accounts for both the precision and the recall of

@ Springer
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(a)

Findings: Contrast enhanced CT of the liver shows a large hypervascular
mass involving segments 2 and 3, measuring 120 mm in diameter. The mass
has a central scar that is hypodense in all phases. The rest of the
liver parenchyma is normal.

Impression: The imaging findings are most consistent with focal nodular
hyperplasia (FNH), which is a benign tumor that often has a central scar
12. FNH is more common in young females2. Other less likely differential
diagnoses include fibrolamellar hepatocellular carcinoma (FL-HCC), which
is a rare malignant tumor that also has a central scar1, and hemangioma,
which is another benign tumor that may have a central scar-like area3.

(b)

[16742, 654, 25, 47011, 13105, 16356, 286, 262, 14383, 2523, 257, 1588,

8718, 85,

14767, 2347, 7411, 17894, 362, 290, 513, 11, 15964, 7982, 8085,

287, 14753, 13, 383, 2347, 468,257, 4318, 10153326, 318, 5328, 375,

1072, 287, 477, 21164, 13, 383,

1334, 286, 262, 14383, 279, 5757, 29658,

2611, 318, 3487, 13, 198, 198, 26950, 2234, 25, 383, 19560, 6373, 389,
749, 6414, 351, 25397, 18666, 934, 8718, 489, 23218, 357, 37, 33863, 828,
543, 318, 257, 32293, 22359, 326, 1690, 468, 257, 4318, 10153, 1065, 13,

376, 33863, 318, 517, 2219, 287, 1862,

12366, 17, 13, 3819, 1342, 1884,

22577, 40567, 2291, 12900, 3225, 480, 297, 283, 47585, 5549, 3846, 934,
28164, 6086, 357, 3697, 12, 39, 4093, 828, 543, 318, 257, 4071, 6428,
25114, 22359, 326, 635, 468, 257, 4318, 10153, 16, 11, 290, 16869, 648,
72, 6086, 11, 543, 318, 1194, 32293, 22359, 326, 743, 423, 257, 4318,

10153, 12, 2339, 1989, 18, 13]

Fig.2 A visualization of tokens used in generative pre-trained trans-
former (GPT) series. GPT series and other transformer-based mod-
els perform language processing (a) in units called “tokens”, each of
which has a unique identifier (b). The task of text generation is inter-
nally processed as selecting the token with the highest probability of

the generated differential diagnoses, offering a more holis-
tic assessment of the radiology report quality.

Qualitative analysis

One board-certified radiologist and one radiology resident,
blinded to the report’s origin, were tasked with indepen-
dently evaluating multiple aspects of the radiology reports.
These aspects included grammar and readability, image find-
ings, impression, differential diagnosis, and overall quality.
To facilitate a systematic and objective evaluation, a 4-point

@ Springer

appearing after a particular sequence of tokens. This approach allows
the model to generate coherent and contextually appropriate text by
predicting and selecting the most likely tokens to follow a given input
sequence

Likert scale was employed, with the following rating catego-
ries: 1 (poor), 2 (fair), 3 (good), and 4 (excellent).

For the assessment of grammar and readability, the evalu-
ators considered the clarity and coherence of the report, the
accuracy of syntax, and the appropriateness of the language
used. In evaluating imaging findings, we assessed whether
imaging findings that corresponded to the abnormal find-
ings entered were appropriately described and whether con-
tradictory findings were written. In assessing impressions,
the evaluator considered whether the considerations drawn
from the imaging findings were consistent and reasonable
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to guide an accurate differential diagnosis. In evaluating dif-
ferential diagnoses, the validity, and scope of the alternative
diagnoses listed in the report were reviewed based on the
findings entered, age, and sex. Lastly, the overall quality
of the reports was evaluated based on the integration of the
aforementioned criteria. Disagreements between the two
evaluators were resolved through discussion until a consen-
sus was reached.

Statistical analysis

We compared the accuracy of differential diagnoses between
radiologists and the GPT series using McNemar’s test. Qual-
itative results are presented as the median and interquar-
tile range (IQR) due to the non-normal distribution of the
data, and differences between the scores of radiologists and
those of the GPT series were compared using the Wilcoxon
signed-rank test. For multiple comparisons, Holm’s correc-
tion was applied. To assess inter-reader agreement, weighted
Cohen’s Kappa analyses were conducted (kappa <0.40,
poor agreement; 0.40 <kappa <0.60, moderate agreement;
0.60 < kappa <0.80, good agreement; and kappa > 0.80,
excellent agreement). All statistical analyses were performed
using the free programming software Python version 3.8.5

Table 2 Quantitative analysis

(https://www.python.org). A two-tailed p-value <0.05 was
deemed significant.

Results

Table 2 shows the results of the quantitative analysis of the
different diagnoses. Top-1 and Top-5 accuracies for the dif-
ferent diagnoses were highest for radiologists, followed by
GPT-4, GPT-3.5, and GPT-2, in that order (Top-1: 1.00,
0.54, 0.54, and 0.21, respectively; Top-5: 1.00, 0.96, 0.89,
and 0.54, respectively). In Top-1 accuracies, there were
significant differences between the radiologists and GPT
series (p <0.01). In Top-5 accuracies, there was a significant
difference between the radiologists and GPT-2 (p < 0.05);
however, there were no significant differences between the
radiologists and GPT-3.5 (p =0.50) and GPT-4 (p =1.00).
MAPs for the different diagnoses were highest for radiolo-
gists, followed by GPT-4, GPT-3.5, and GPT-2, in that order
(0.97, 0.26, 0.45, and 0.54, respectively).

Table 3 and Fig. 3 show the results of the qualitative
analysis of the radiology reports. There were no signifi-
cant differences in qualitative scores about grammar and
readability, image findings, and overall quality between
radiologists and GPT-3.5 or GPT-4 (p > 0.05). However,

Radiologists GPT-2 GPT-3.5 GPT-4 (Bing) p-value!
Radiologists vs. GPT-2 Radiologists vs. Radi-
GPT-3.5 ologists vs.
GPT-4
Top-1 accuracy 1.00 0.21 0.54 0.54 <0.0017%%** 0.002%* 0.002%%*
Top-5 accuracy 1.00 0.46 0.89 0.96 <0.0017%** 0.50 1.00
MAP 0.97 0.26 0.45 0.54
GPT Generative pre-trained transformer, MAP mean average precision
Ltp <0.01; #+%p <0.001
Table 3 Qualitative analysis
Radiologists' ~ GPT-2! GPT-3.5! GPT-4 (Bing)!  p-value?
Radiologistss Radiologists ~ Radiologists
vs. GPT-2 vs. GPT-3.5 vs. GPT-4
Grammar & readability 4.0 (3.0, 4.0) 3.0(3.0,325) 4.0(4.0,4.00 4.0(4.0,4.0 0.02* 0.29 0.29
Image finding 4.0 (3.0, 4.0) 3.0 (2.0,4.0) 4.0(3.0,4.00 4.0(4.0,4.0 0.069 0.477 0.060
Impression 3.0(3.0,4.0) 2.0(1.0,2.25) 25(2.0,3.00 3.0(2.0,3.0) <0.001***  0.002%* 0.003%*
Differential diagnosis 3.0 (3.0, 3.0 2.0(2.0,2.0) 2.0(2.0,3.0) 2.0(2.0,3.0) <0.001***  0.002%* 0.034
Overall quality 3.0(2.75,3.00 2.0(1.0,2.0) 2.0(2.0,3.00 3.0(.0,3.0) 0.001** 0.072 0.23

GPT Generative pre-trained transformer, MAP mean average precision
"Median (interquartile range)
2p <0.05; #p <0.01; *¥p <0.001
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Fig. 3 Qualitative analysis. Violin plots show qualitative analysis of
the image findings (a) and the overall quality (b)

qualitative scores of radiologists for impression and dif-
ferential diagnosis were significantly higher than those of
the GPT series (p <0.05). The Kappa analysis indicated
poor to moderate concordance (grammar and readability:
k=0.72, image findings: k =0.59, impression: x =0.46,
differential diagnosis: k=0.41, overall quality: k=0.42).

Representative cases and reports produced by GPT
series are shown in Figs. 4, 5 and 6.

@ Springer

Discussion

The present study evaluated the feasibility of employing
the GPT series (GPT-2, GPT-3.5, and GPT-4) to gener-
ate radiology reports based on concise imaging findings
in comparison to those generated by radiologists. Our
findings reveal that, although GPT-3.5 and GPT-4 are
commendable in their ability to generate readable and
appropriate “image findings” and “Top-5 differential diag-
noses” from very limited information, they fall short in the
accuracy of impressions and differential diagnoses even
for very basic and representative findings of CT. Conse-
quently, these results underscore the continued importance
of radiologist involvement in the validation and interpreta-
tion of radiology reports generated by GPT models.

GPT is a pre-trained language model that uses a trans-
former architecture [15] for natural language processing. It
was first introduced by OpenAl in 2018 with the release
of GPT-1, which was trained on a large corpus of text data
using unsupervised learning techniques and had 117 mil-
lion parameters [10]. GPT-2 with 1.5 billion parameters was
released in 2019 and was notable for its ability to generate
coherent and realistic text [16]. In 2020, OpenAl released
GPT-3 with 175 billion parameters, which was even more
powerful and capable of performing a wide range of lan-
guage tasks [17]. ChatGPT is a specific implementation of
the GPT model that is designed for conversational applica-
tions using GPT-3.5, which employs a similar architecture
to the original GPT-3 but is fine-tuned using reinforcement
learning from human feedback [18]. While details about
GPT-4 have not been fully disclosed at the time of this study,
it is said to be a more natural and accurate natural language
model than GPT-3.5. However, the ability of the GPT series
to generate radiology reports has not been fully evaluated.

The preferred results of this study are that GPT-3.5 and
GPT-4 have the potential to produce radiology reports with
human-like readability and grammar from simple imaging
findings, and the Top-5 differential diagnoses generated
by GPT-3.5 and GPT-4 also demonstrated human-like
abilities. This is a noteworthy finding, as it highlights the
ability of these advanced language models to synthesize
complex and coherent reports from minimal input data,
which could facilitate faster and more efficient radiology
reporting. In addition, although it may be slightly differ-
ent from the original usage of LLM, the results of our
study suggest GPT3.5 and GPT-4 have internal medical
knowledge reserves about diagnostic radiology, and it has
a possibility of the models’ capacity to provide a compre-
hensive and relevant list of potential diagnoses that can
aid in clinical decision-making and improve patient care.

On the other hand, it is essential to recognize that the
accuracy of Top-1 differential diagnosis, MAP, and the
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Fig.4 A 69-year-old female
patient with a suspected

pituitary adenoma. Non-contrast

CT axial image (a), contrast-
enhanced CT sagittal image

(b) and generated radiology
reports by GPT series (c) are
shown. A tumor with homoge-
neous enhancement is observed
from the sella turcica to the
suprasellar region, suggesting a
pituitary adenoma. Information
input other than the prompt is
“Age (years): 69, sex: female,
modality: contrast enhanced
CT, location: the vicinity of the
sella turcica, diameter: 49 mm,
findings: enhancing supra- and

GPT-3.5
The contrast enhanced CT scan of the
head revealed an enhancing mass with a
diameter of 49mm, located in the vicinity
of the sella turcica. The mass exhibits
both supra- and intrasellar extension.

GPT-4 (Bing)

A contrast enhanced CT scan of the brain
shows a 49 mm enhancing mass in the
vicinity of the sella turcica. The mass
extends both above and below the
diaphragma sellae, occupying the
suprasellar and intrasellar regions. The
mass compresses the optic chiasm and
displaces the pituitary gland inferiorly.
There is no evidence of calcification,
cystic changes, or bony reaction.

The imaging findings are suggestive of a
pituitary adenoma. Further clinical
features of the patient, such as signs of
hormonal hypersecretion, would aid in
confirming the diagnosis. An MRI with
gadolinium contrast may also be
considered for further evaluation.

The imaging findings are suggestive of a
pituitary macroadenoma, which is the
most common cause of a suprasellar and
intrasellar mass. It originates from the
pituitary gland and typically presents as a
solid and enhancing mass that may cause
visual impairment, hormonal imbalance, or
headache. Other differential diagnoses
include craniopharyngioma, meningioma,
Rathke cleft cyst, and carotid-cavernous
fistula. However, these are less likely
given the size, location, and appearance
of the mass.

intrasellar mass”. The GPT-2 (c)
report isa 51mpl§ repoTt written GPT.2
accordmg to the 1nput informa- Findings There is an enhancing mass in the vicinity
tion. and the differential diagno- of the sella turcica measuring 49mm in
A . g diameter. The mass is supra- and
sis seems relatively reasonable. .
In the GPT-3.5 report, both the
findings and impression sec-
tions are more detailed than in
the GPT-2 report. The GPT-4.0
report is overall quite similar Impression | The most likely diagnosis is a sellar
toa human—generated report, lesion, with a pituitary adenoma being the
d the diff ial di .. most likely etiology. Other differential
and the difterential diagnosis 1s diagnoses to consider include
reasonable. However, it includes craniopharyngioma, germinoma, Rathke's
. : . cleft cyst, and less likely metastatic
information .that Was not 1npqt, diseace.
such as calcification and cystic
degeneration
Different 1. Pituitary adenoma
Diagnoses | 2. Craniopharyngioma
3. Germinoma
4. Rathke’s cleft cyst

1. Pituitary adenoma
2. Craniopharyngioma
3. Rathke's cleft cyst
4. Germinoma

5. Chordoma

Pituitary macroadenoma (high suspicion)
Craniopharyngioma (low suspicion)
Meningioma (low suspicion)

Rathke cleft cyst (low suspicion)
Carotid-cavernous fistula (low suspicion)

qualitative score of the impression and different diag-
noses of the GPT-generated reports are inferior to those
of radiologist-generated reports. The result, in which
the differential diagnosis from a radiologist’s report—
derived from a more comprehensive set of information—is
superior to a GPT-generated report based solely on age,
gender, location, and rudimentary imaging findings, is
indeed expected. However, it is clear from the qualita-
tive analysis that GPT-4 can generate reports similar to
those of radiologists, and it would be quite difficult for a
physician ordering a CT scan to differentiate them based
solely on the generated reports. The results of this study
suggest that LLM, which can generate practical “image
findings”, “impression”, and “differential diagnosis” with
only very simple keywords, is likely to be very useful as an
aid in creating diagnostic imaging reports. However, LLM
should be used only as an aid, and differential diagnosis
should be made by a radiologist who can make a compre-
hensive judgment.

Another important potential limitation of the LLM,
including the GPT series, is the possibility that these models
may generate findings with content that cannot be directly
linked to the input information, a phenomenon known as
‘hallucination” [19]. LLMs fundamentally select the next
most probable word without necessarily considering logical
connections or coherence. Consequently, they may gener-
ate content unrelated to the input data but highly associated
with the generated text. The mechanism of hallucinations
has not been fully elucidated yet [19], and preventing hallu-
cinations can be difficult even in language models designed
to mitigate this issue, with reports indicating that hallucina-
tions may sometimes be amplified instead [20]. This issue
was observed in the current study, suggesting that caution
is needed when applying LLMs to medical reports. Addi-
tionally, the evaluators had differing opinions on whether
to consider the output of the GPT as detailed or as a hallu-
cination, which resulted in poor to moderate agreements in
qualitative analysis. One evaluator may have appreciated the
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Fig.5 A 31-year-old female
with a hepatic hemangioma.
The contrast-enhanced CT arte-
rial phase (a) shows heteroge-
neous enhancement within the
lesion, and the venous phase
(b) reveals a generally stronger
enhancement than the liver
parenchyma, consistent with
typical findings of a heman-
gioma. Generated radiology
reports by GPT series (c) are
also shown. The information
inputted besides the prompt is
“Age (years): 31; sex: female;
modality: contrast enhanced
CT; location: segment 8 in the
liver; diameter: 22 mm; find-
ings: delayed phase-enhancing
lesion”. In the GPT-2 gener-

A contrast enhanced abdominal CT
revealed a delayed phase-enhancing
lesion measuring 22mm in diameter,
located in segment 8 of the liver.

GPT-4 (Bing)
Contrast enhanced CT of the liver shows a small
lesion in segment 8, measuring 22 mm in
diameter. The lesion has no enhancement in the
arterial phase, but shows delayed enhancement
in the portal venous and equilibrium phases.

The delayed phase-enhancing lesion in
the liver, along with the patient's age and
sex, suggests the possibility of a
malignant tumor such as hepatocellular
carcinoma or intrahepatic
cholangiocarcinoma. It is recommended
to perform additional diagnostic tests such
as MRI, biopsy or serum tumor marker
tests for further characterization and
management.

The imaging findings are most consistent with a
cavernous hemangioma, which is a benign
vascular tumor that often has prolonged
enhancement. Hemangioma is the most common
liver tumor overall. Other less likely differential
diagnoses include focal nodular hyperplasia
(FNH), which may have delayed enhancement of
the central scar, and hepatocellular carcinoma
(HCC), which may have delayed enhancement of
the capsule.

. . . Findings There is a 22 mm diameter lesion
ated report, a list of differential in segment 8 of the liver. The lesion
diagnoses is not even created, is Enhancement in delayed phase.
and the impression primarily
suspects hepatocellular carci- Impression | The most likely diagnosis is a
noma. In the GPT-3.5 senerated hepatocellular carcinoma. Other

. = g K possibilities include metastatic
report, although the format is disease or a benign lesion such as
well organized, hepatocellular a hemangioma.
carcinoma is still listed as the
top differential diagnosis. The
GPT-4.0 generated report is
generally quite good, with rea- Different
sonable differential diagnoses Diagnoses

1. Hepatocellular carcinoma
2. Intrahepatic cholangiocarcinoma
3. Metastatic liver disease

Cavernous hemangioma (high suspicion)
Focal nodular hyperplasia (FNH) (low suspicion)
Hepatocellular carcinoma (HCC) (low suspicion)

4. Focal nodular hyperplasia
5. Hemangioma

additional details provided by the GPT, believing that they
could potentially enhance the radiology report. On the other
hand, other evaluators might have viewed the extra details
as hallucinations, as they were not directly related to the
input information and could lead to inaccuracies or confu-
sion in the diagnostic process. As such, it might be crucial
to develop strategies for mitigating these hallucinations and
ensuring the accuracy of the generated radiology reports. In
the future, incorporating domain-specific knowledge into the
training of GPT models may allow them to generate more
contextually accurate reports. However, confirmation by a
radiologist would be essential to ensure the clinical utility
and safety of the radiology reports generated by GPT.
There are limitations in our investigation. Firstly, a
limitation of this preliminary study is the relatively small
sample size of 28 patients with simple image findings. In
clinical settings, amalgamating multiple findings is impor-
tant; however, the chosen image findings in this study were
grounded in the authors’ judgment, solely referencing one
textbook. Such a methodology can induce selection bias,
potentially constraining the applicability of the outcomes.
Therefore, additional investigations with a larger and more
diverse patient population, as well as more complex image
findings, are necessary to corroborate and expand upon

@ Springer

these initial results. Secondly, this study was conducted at
a single center and by non-native English speakers, poten-
tially introducing biases related to specific institutional
practices and the ability of English reading or writing of
the radiologists involved. Thirdly, LLMs, including the
GPT series, are still in development, and in fact, GPT-4
has become available for use via API before submission.
Additionally, GPT-4 (Microsoft Bing), used in this study,
has the advantage of being able to search for the latest
information on the internet, which potentially makes it
more advantageous compared to other models. Moreover,
various GPT models are being refined. The results of this
study pertain to the time of journal submission and may
change in the future. Fourth, the potential for hallucina-
tion, a notable weakness inherent to LLMs, could not be
specifically assessed in this study. This is due to the evalu-
ators not being given the patient’s history to prevent biased
assessments of the report quality. As such, unless the eval-
uator has a comprehensive understanding of the patient’s
background, differentiating between detailed reporting
and hallucination could prove difficult in such applica-
tions. Lastly, the retrospective design of the study could
have led to various biases. Furthermore, with this study
design, we cannot evaluate the impact of GPT-generated
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Fig.6 A 75-year-old male with
an angiomyolipoma in the right

kidney. A non-contrast CT (a)
and contrast-enhanced CT (b)
reveal a fatty renal mass in the
right kidney. Generated radiol-
ogy reports by GPT series (c)

are also shown. The information

inputted besides the prompt is
“Age (years): 75; sex: male;
modality: contrast-enhanced
CT; location: the inferior
portion of the right kidney;
diameter: 35 mm; findings:
fat-containing renal mass”. In
the GPT-2 generated report,
the possibility of a renal tumor
accompanied by surround-
ing edema is low, and a list of

(c)

GPT-3.5
A contrast-enhanced CT study was
performed on a 75-year-old male patient,
revealing the presence of a 35mm fat-
containing renal mass located in the
inferior portion of the right renal organ.

GPT-4 (Bing)
Contrast enhanced CT of the kidneys shows a
fat-containing mass in the inferior portion of the
right kidney, measuring 35 mm in diameter. The
mass has a heterogeneous appearance with
areas of soft tissue attenuation and calcification.

The observed fat-containing renal mass
could be indicative of angiomyolipoma, a
benign tumour typically composed of
adipose tissue, smooth muscle, and blood
vessels. However, given the patient's age
and the size of the mass, a malignant
tumour such as renal cell carcinoma
cannot be entirely ruled out. Further
evaluation with biopsy or MRI may be
recommended to confirm the diagnosis.

The imaging findings are most consistent with a
renal angiomyolipoma, which is a benign tumor
that contains blood vessels, smooth muscle cells
and fat cells. Renal angiomyolipomas are the
most common fat-containing renal mass and are
usually asymptomatic unless they cause
hemorrhage or compression of adjacent
structures. Other less likely differential diagnoses
include renal cell carcinoma, which is a malignant
tumor that may contain macroscopic fat and
calcification, and renal lipoma or liposarcoma,

which are rare tumors that contain mostly fat.

differential diagnoses is not GPT-2
even created. In the GPT-3.5 Findings There i§ an appmximately 35 mm
mass with low-density fatty content
generated report, although the present in the inferior portion of the
lesion is located in the kidney’ right renal lobe. The mass is well
he diffe ial di marginated and has no obvious
the differential diagnoses necrosis or calcification. There is
include adrenal adenoma. In the minimal surrounding edema.
GPT-4.0 generated report, the Impression tow-densnty fatty mass in the right
. R ) idney, suggestive of a benign
overall quality is quite good; lesion such as a complex cystic
however, there is a description renal mass or angiomyolipoma.

" . e . Differential diagnosis also includes
of “calcification” in the image liposarcoma or lipoma, which may
ﬁndings7 which was not part of be considered given the well-

he i inf . circumscribed nature of the mass.
the mput information Additional workup with MRI or
PET/CT may be necessary to
further characterize the mass and
guide management.
Different
Diagnoses

1. Angiomyolipoma

2. Renal cell carcinoma
3. Liposarcoma

4. Adrenal adenoma

5. Wilms' tumour

Renal angiomyolipoma (high suspicion)
Renal cell carcinoma (low suspicion)
Renal lipoma or liposarcoma (very low suspicion)

reports on the radiologists’ efforts. Future research involv-
ing larger, multicenter, prospective studies with diverse
patient populations and a focus on evaluating the impact
on radiologists’ efforts is warranted to validate and expand
upon these findings.

In conclusion, our preliminary study suggests that GPT-
3.5 and GPT-4 have the possibility to generate radiology
reports with high readability and reasonable image find-
ings from very short keywords; however, concerns persist
regarding the accuracy of impressions and differential
diagnoses, thereby requiring verification by radiologists.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s11604-023-01487-y.

Acknowledgements We used the deepL write and GPT-4 for English
proofreading. The generated text was read, revised and proofed by the
authors.

Funding No funding.
Data sharing statement The datasets generated or analyzed during

the study are available from thecorresponding author on reasonable
request.

Declarations

Conflict of interest Toshinori Hirai has received research support from
Canon Medical Systems.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Hartung MP, Bickle IC, Gaillard F, Kanne JP. How to create a
great radiology report. Radiographics. 2020;40:1658-70.

@ Springer


https://doi.org/10.1007/s11604-023-01487-y
http://creativecommons.org/licenses/by/4.0/

200

Japanese Journal of Radiology (2024) 42:190-200

10.

11.

12.

13.

Parikh JR, Wolfman D, Bender CE, Arleo E. Radiologist burn-
out according to surveyed radiology practice leaders. ] Am Coll
Radiol. 2020;17:78-81.

Kitahara H, Nagatani Y, Otani H, Nakayama R, Kida Y, Sonoda
A, et al. A novel strategy to develop deep learning for image
super-resolution using original ultra-high-resolution computed
tomography images of lung as training dataset. Jpn J Radiol.
2022;40:38-47.

Barat M, Chassagnon G, Dohan A, Gaujoux S, Coriat R, Hoeffel
C, et al. Artificial intelligence: a critical review of current applica-
tions in pancreatic imaging. Jpn J Radiol. 2021;39:514-23.
Chassagnon G, De Margerie-Mellon C, Vakalopoulou M, Marini
R, Hoang-Thi T-N, Revel M-P, et al. Artificial intelligence in
lung cancer: current applications and perspectives. Jpn J Radiol.
2023;41:235-44.

Yan S, Zhang H, Wang J. Trends and hot topics in radiology,
nuclear medicine and medical imaging from 2011-2021: a
bibliometric analysis of highly cited papers. Jpn J Radiol.
2022;40:847-56.

Yasaka K, Akai H, Sugawara H, Tajima T, Akahane M, Yoshioka
N, et al. Impact of deep learning reconstruction on intracranial 1.5
T magnetic resonance angiography. Jpn J Radiol. 2022;40:476-83.
Sun Z, Ong H, Kennedy P, Tang L, Chen S, Elias J, et al. Evaluat-
ing GPT-4 on impressions generation in radiology reports. Radiol-
ogy. 2023;307: €231259.

Sirshar M, Paracha MFK, Akram MU, Alghamdi NS, Zaidi SZY,
Fatima T. Attention based automated radiology report generation
using CNN and LSTM. PLoS ONE. 2022;17: ¢0262209.
Radford A, Narasimhan K. Improving language understanding
by generative pre-training. 2018 [cited 2023 Apr 9]. Available
from: https://www.semanticscholar.org/paper/Improving-Langu
age-Understanding-by-Generative-Radford-Narasimhan/cd 188
00a0fe0b668alcc19f2ec95b5003d0a5035. Accessed 2 Apr 2023.
Kung TH, Cheatham M, Medenilla A, Sillos C, Leon LD, Elepaiio
C, et al. Performance of ChatGPT on USMLE: potential for Al-
assisted medical education using large language models. Plos
Digital Health. 2023;2: e0000198.

Adams LC, Truhn D, Busch F, Kader A, Niehues SM, Makowski
MR, et al. Leveraging GPT-4 for post hoc transformation of free-
text radiology reports into structured reporting: a multilingual
feasibility study. Radiology. 2023;307: €230725.

Van Veen D, Van Uden C, Attias M, Pareek A, Bluethgen C,
Polacin M, et al. RadAdapt: Radiology report summarization via
lightweight domain adaptation of large language models [Inter-
net]. arXiv; 2023 [cited 2023 Aug 21]. Available from: http://
arxiv.org/abs/2305.01146. Accessed 2 Apr 2023.

@ Springer

14.

15.

16.

17.

18.

20.

Liu T, Zhang Y, Brockett C, Mao Y, Sui Z, Chen W, et al. A
token-level Reference-free hallucination detection benchmark for
free-form text generation. Proceedings of the 60th Annual Meet-
ing of the Association for Computational Linguistics (Volume 1:
Long Papers) [Internet]. Dublin, Ireland: Association for Compu-
tational Linguistics; 2022 [cited 2023 Apr 12]. p. 6723-37. Avail-
able from: https://aclanthology.org/2022.acl-long.464. Accessed
2 Apr 2023.

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez
AN, et al. Attention Is All You Need [Internet]. arXiv; 2017 [cited
2023 Feb 27]. Available from: http://arxiv.org/abs/1706.03762.
Accessed 2 Apr 2023.

Papers with Code - language models are unsupervised multitask
learners [Internet]. [cited 2023 Apr 17]. Available from: https://
paperswithcode.com/paper/language-models-are-unsupervised-
multitask. Accessed 2 Apr 2023.

Brown T, Mann B, Ryder N, Subbiah M, Kaplan JD, Dhariwal P,
et al. Language models are few-shot learners. Advances in Neural
Information Processing Systems [Internet]. Curran Associates,
Inc.; 2020 [cited 2023 Apr 17]. p. 1877-901. Available from:
https://papers.nips.cc/paper/2020/hash/1457c0d6bfcb4967418b
fb8ac142f64a-Abstract.html. Accessed 2 Apr 2023.

Ouyang L, Wu J, Jiang X, Almeida D, Wainwright CL, Mishkin P,
et al. Training language models to follow instructions with human
feedback [Internet]. arXiv; 2022 [cited 2023 Apr 17]. Available
from: http://arxiv.org/abs/2203.02155. Accessed 2 Apr 2023.

. JiZ, Lee N, Frieske R, Yu T, Su D, Xu Y, et al. Survey of hal-

lucination in natural language generation. ACM Comput Surv.
2023;55:1-38.

Sullivan Jr. J, Brackenbury W, McNutt A, Bryson K, Byll K, Chen
Y, et al. Explaining Why: How Instructions and User Interfaces
Impact Annotator Rationales When Labeling Text Data. Proceed-
ings of the 2022 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language
Technologies [Internet]. Seattle, United States: Association for
Computational Linguistics; 2022 [cited 2023 Apr 18]. p. 521-31.
Available from: https://aclanthology.org/2022.naacl-main.38.
Accessed 2 Apr 2023.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://www.semanticscholar.org/paper/Improving-Language-Understanding-by-Generative-Radford-Narasimhan/cd18800a0fe0b668a1cc19f2ec95b5003d0a5035
https://www.semanticscholar.org/paper/Improving-Language-Understanding-by-Generative-Radford-Narasimhan/cd18800a0fe0b668a1cc19f2ec95b5003d0a5035
https://www.semanticscholar.org/paper/Improving-Language-Understanding-by-Generative-Radford-Narasimhan/cd18800a0fe0b668a1cc19f2ec95b5003d0a5035
http://arxiv.org/abs/2305.01146
http://arxiv.org/abs/2305.01146
https://aclanthology.org/2022.acl-long.464
http://arxiv.org/abs/1706.03762
https://paperswithcode.com/paper/language-models-are-unsupervised-multitask
https://paperswithcode.com/paper/language-models-are-unsupervised-multitask
https://paperswithcode.com/paper/language-models-are-unsupervised-multitask
https://papers.nips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
https://papers.nips.cc/paper/2020/hash/1457c0d6bfcb4967418bfb8ac142f64a-Abstract.html
http://arxiv.org/abs/2203.02155
https://aclanthology.org/2022.naacl-main.38

	Preliminary assessment of automated radiology report generation with generative pre-trained transformers: comparing results to radiologist-generated reports
	Abstract
	Purpose 
	Methods 
	Results 
	Conclusions 

	Introduction
	Methods
	Study design and population
	Radiology report generation
	Quantitative analysis of differential diagnosis
	Qualitative analysis
	Statistical analysis

	Results
	Discussion
	Acknowledgements 
	References




