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Abstract

Objective: The aim of this study was to test the success of ChatGPT-4 in
evaluating chest radiographs and detecting abnormal findings, and then to
demonstrate its utility in computed tomography (CT) justification.

Methods: This study included 59 patients (20 patients in the first phase, and
39 patients in the second phase) from a publicly available chest X-ray dataset.
X-rays were evaluated by an experienced chest radiologist (as gold standard),
two radiology residents, and ChatGPT, first as normal-abnormal and then
whether CT was needed if abnormal. Finally, the ChatGPT and two radiology
residents’ decisions were compared with the gold standard decision of the
expert radiologist to obtain an accuracy value.

Results: The accuracy of Resident 1, Resident 2, and ChatGPT for normal-
abnormal labeling was 76.27%, 93.22%, and 76.27%, respectively, for a total
of 59 patients. The accuracy of Resident 1, Resident 2, and ChatGPT for CT
necessity was 67.80%, 72.88%, and 66.10%, respectively. The expert radiologist
determined that CT was not necessary in 30 patients. Of these 30 patients,
Resident 1, Resident 2, and ChatGPT answered incorrectly in 14, 12, and 15
patients, respectively. There is no statistically significant difference between the
responses of Resident 1, Resident 2, and ChatGPT for CT necessity (Chi-square,
p=0.731).

Conclusion: The results of this study show that ChatGPT-4 is promising for
chest X-ray interpretation and justification of CT scans. However, large language
models such as ChatGPT, which still have major limitations, should be trained
with a much larger number of radiology images.
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Interpreting chest X-ray with ChatGPT

Introduction

Systems that generate X-rays to produce images cause
radiation exposure to the patient and, in some cases, to
the healthcare workers. Report No. 184 of the National
Council on Radiation Protection and Measurements
[NCRP] of the United States of America reports that
the proportion of total effective dose from computed
tomography [CT] scans was 50% in 2006 and increased
to 63% in 2016. The number of CT scans performed in
the US has increased by 20% in 10 years [ 1]. Justification
remains an important principle of radiation protection,
although the ability to obtain images at lower radiation
doses due to evolving technology seems to balance the
increase in the number of examinations [2-4]. Under the
acronym EU-JUST-CT, a project to improve justification
was launched by the European Commission in 2021. In
the survey conducted in 30 European countries as part
of the project, more than half the participants said that
examinations were not justified [4]. Revised by the
American College of Radiology in 2023, the evaluation
of findings seen on other imaging modalities such as
chest radiography is the first item in the indications for
chest CT [5]. Although chest radiographs are among
the most commonly used imaging modalities, they can
be difficult to interpret [6,7]. In a study evaluating CT
scans ordered for suspected hilar pathology on chest
radiography, pathology was found in 16.4% of patients,
excluding vascular dilatation [8]. In our daily practice,
CT scans occasionally are performed for the clarification
of suspicious findings on chest radiography but do not
have an impact on the patient’s treatment decision.

Theuse of artificial intelligence in healthcare is becoming
more widespread. Radiology is the first department
to start using artificial intelligence applications. As of
July 2023, 79% of the applications approved for use by
the US Food and Drug Administration Administration
[FDA] are in the field of radiology [9]. The frequency
of use varies across the different subspecialties of
radiology. Thoracic radiology ranks second with 31%
of CE-marked applications [10]. Studies of different
algorithms in lung radiology are ongoing [11-13].

Natural Language Processing [NLP] has reached a
new dimension with Large Language Models [LLM].
Language models can answer different questions based
on the relationships between word sequences and can
produce written data according to different commands.
The development of several models capable of processing
images, audio and video recordings, and text has opened
the way for various uses of these applications in the field

of health [14].

The ChatGPT [Generative Pre-trained Transformer]
language model developed by OpenAl software company
has been used to study several different topics, including
prioritizing emergency patients, evaluating sleep apnea
syndrome, regulating protein energy malnutrition
treatment, and interpreting electrocardiography [15-18].
With the widespread use of these studies, it will become
possible to use language models in the field of health in
the early period with greater accuracy and effectiveness.
In this study, we aimed to demonstrate the success of the
ChatGPT version 4.0 in interpreting chest radiographs
and determining the necessity of CT scans from the
radiograph findings. The study aimed to guide similar
research by detailing the method section and offering
insights into the use of language models.

Material and Methods
Determination of the study plan

The ChatGPT-4 version was selected for the study. The
study team had previous experience using this version,
which produces answers by accessing various data via
the Internet [19]. The use of chest radiograph findings
in CT justification was emphasized to provide a different
perspective on the evaluation of chest radiographs. At
this point, CT justification was investigated based only
on Chest X-ray findings without any clinical information.
It was agreed that heart failure, pulmonary edema, and
lobar pneumonia were examples of clinical conditions
that could be detected on chest radiography but would
not require further investigation by CT. However, it was
anticipated that the reasons for CT scanning may vary
according to other data about the patient and that these
reasons cannot be based on generally accepted sources.
Given the similar difficulties experienced in decision-
making in routine workflow, it was decided to evaluate
the potential of ChatGPT in daily use by detailed
interpretation of its responses to various commands.

After considering the implications for patient safety and
potential ethical issues, the decision was made to proceed
with the study using open, internationally accessible
ready-to-use datasets so this study did not require
institutional review board approval. In this context, the
“National Institutes of Health Chest X-Ray Dataset”,
which is publicly available in the literature, was used
[20]. This dataset contains 112,120 chest radiographs
of 30,805 patients. From this dataset, a radiologist
(EK) randomly selected 20 patients for the first phase
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of this study and 50 patients for the second phase. It
was agreed that normal images and images labeled with
different pathologies, selected from the dataset by the
radiologist, would be forwarded to two trainees without
labeling information. The expert radiologist (NH) with,
five years of experience in thoracic radiology, evaluated
the labeled images, the responses of the trainees, and
Chat-GPT.

Workflow

The 20 images selected from the dataset were shared
with two residents (MS, HK). A third resident (KKB)
uploaded the images to Chat-GPT in the same order.
The trainees first decided whether the images were
normal or not and whether a CT scan was needed after
the x-ray. The three most important findings and the
findings which has no clinical significance, if any, were
noted. It took 35-40 minutes to upload 20 images to
ChatGPT and respond to commands. At this point, the
following prompt was given to ChatGPT using the role
model prompting technique (e.g. act like an experienced
radiologist) and the study was started.

Prompt I:

As an experienced radiologist, could you evaluate these
chest X-rays, and answer the following questions?

1-Are there any pathological findings?

2-If there are, list the 3 most important findings.

3- Is a Thoracic CT necessary for this X-ray as a further
examination?

When the first phase of the study was evaluated, it was
found that residents had difficulty in describing the
findings and that common terms to be used should be
established. Therefore, the table where the images were
scored was updated and drop-down lists were added
(Table 1).

In the second phase, 50 selected images were evaluated
by the residents using the new table. 19 images were
assessed quickly by Chat-GPT, but the model refused to
respond to the commands when the image upload was
resumed. The initial prompt was still used, but Chat-
GPT responded to only 19 patients. It then refused to
respond and provided the following output:

“I can’t provide medical evaluations, including
interpretation of chest X-rays or other radiological
images. This requires specialized knowledge from
licensed healthcare professionals to ensure accuracy
and safety. Consult a certified radiologist or healthcare
provider for a professional assessment and advice
regarding your medical imaging.”

To resolve this, the chat page was refreshed, prompts
were repeated at different times of the day, and on
different days, prompts were changed, and similar
prompts were entered from different accounts, but no
results were obtained. This effort was continued for four
days, and the initial prompt was revised as follows:

Table 1: The drop-down lists on the Excel table for standardization of Chest X-ray evaluation.

Zone Findings Diagnosis
Right Lung Opacity Malignancy
Left Lung Nodule Benign
Conditions
Right Upper Zone Infection
Right Lower Zone Ground Interstitital
Glass Disease
Left Upper Zone Reticulation = Edema
Left Lower Zone Air-trapping = Nodule
Upper Zone Other Other
Lower Zone
Diffuse
Other

Mediastinum Costophrenic Sinus
Large Normal
Normal Blunt

Bilateral hilary enlargement

Right hilary enlargement

Left hilary enlargement
Cardiomegaly
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Prompt 2:

“As an experienced radiologist, could you evaluate
these chest X-rays, and answer the following questions
in yes, or no?

If the answer is yes, then elaborate please.
1-Are there any pathological findings?
2-If there are, list the 3 most important findings.

3- Is a Thoracic CT necessary for this X-ray as a further
examination?”

Assessing the answers

The images obtained from the dataset, and the residents’
and ChatGPT’s responses were evaluated by a
radiologist (NH) with five years of experience in thoracic
radiology. The results of the residents’ evaluation were
compared with the labels in the dataset and with the
radiologist’s evaluation. The answers of two residents
were evaluated. The accuracy and appropriateness of the
GPT’s responses were analyzed. In addition to the labels
in the dataset, the expert radiologist’s comments also
played a role in the adequacy assessment. The results
are given in terms of numbers and percentages.

Statistical Analysis

The accuracy of responses from radiology residents
and ChatGPT was evaluated by comparing them
with labeled reference data and expert radiologist
interpretations. The percentage of correct responses was
calculated for both groups. To determine whether there

was a significant difference between the performance
of ChatGPT and the residents, a chi-square test was
conducted. A p-value of less than 0.05 was considered
statistically significant. All statistical analyses were
performed using the open-source SciPy library in the
Jupyter Notebook environment.

Results

Of the 20 images initially selected, 5 were normal; the
abnormal images were labeled fibrosis, infiltration,
nodule, cardiomegaly, mass, and consolidation. CT
was deemed necessary by the radiologist to detail the
findings on 8 images. The necessity of CT was more
common among residents. There were differences in 5
of the answers of the residents, and the necessity of CT
in 4 images evaluated differently varied according to the
individuals. ChatGPT correctly evaluated all 5 normal
images, whereas trainees recommended CT after three
images labeled as normal. The first 3 images were the
images that ChatGPT assessed as false negatives. In
two images, it coded the finding on the wrong side.
In two images with increased cardiothoracic index, it
did not indicate cardiomegaly. When the images with
incorrect answers were analyzed, it was determined
that it failed to detect a nodule behind the costa and a
small paramediastinal opacity. In addition, it described
diffuse ground glass and reticulonodular opacities on the
17th film, which showed consolidation only in the right
lower lobe.

After the first phase of the study was completed, 39 of
the 50 selected cases were assessed by the ChatGPT
at various times. After the 40th case, it refused to
respond and the study was terminated at that stage. In

Figure 1: A: True Label: Normal, ChatGPT: Abnormal. B: True Label: Pleural effusion on the left, ChatGPT: Pleural

effusion on the right. C: True Label: Normal, ChatGPT: Normal
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the assessment by the expert radiologist (NH), CT was
deemed necessary as a further investigation in 21 of the
39 cases. Although the number of cases in which CT
was considered necessary by the trainees was similar, it
was noted that they disagreed in 8 cases. In 15 out of 39
cases, it was noteworthy that the trainees disagreed with
the findings. Figure 1 shows the incorrect and correct
responses provided by ChatGPT for 3 different chest-
X-rays.

ChatGPT misinterpreted 18 out of 39 cases. Of the 28
pathological chest radiographs, 13 were incorrect. In 10
of the misinterpreted chest radiographs, the specialist
radiologist did not determine the need for CT. Although
one study was marked normal, the consultant radiologist
also felt that further investigation was required.
ChatGPT also assessed this study as pathological, but
the findings described were incorrect. In this case, a
total of five patients labeled normal were incorrectly
classified as pathological by Chat-GPT. Of the 11
cases that ChatGPT marked as normal, 5 were labelled
as abnormal. Accuracy values for labeling patients as
normal-abnormal for a total of 59 patients (20 first phase,
39-second phase) are given in Figure 2 for resident 1,
resident 2, and ChatGPT. In addition, Figure 3 provides
the accuracy values for resident 1, resident 2, and
ChatGPT’s predictions of CT necessity. Also in Figure
4, the expert radiologist’s decision and the residents’ and
ChatGPT’s predictions of CT necessity for each patient
are visualized. In eight patients, 20.5% of the patients
for whom Chat GPT recommended a CT scan, Chat
GPT recommended a CT scan even though neither the
radiology expert nor at least one of the two residents
deemed it necessary. The expert radiologist determined
that CT was not necessary in 30 patients. Of these 30
patients, Resident 1, Resident 2, and ChatGPT answered
incorrectly in 14, 12, and 15 patients, respectively.
There is no statistically significant difference between
Resident 1, Resident 2, and ChatGPT responses (Chi-
square, p=0.731)
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Figure 2: Normal-abnormal labeling accuracy of chest

x-rays of residents and ChatGPT

1.0

08 72.88%

67.80% 66.10%

Accuracy
o
o

<
ES

0.2

Resident 1 Resident 2 ChatGPT

Figure 3: Accuracy rates of residents’ and ChatGPT’s

prediction of CT necessity for chest X-rays

Discussion

Chest radiography is the most commonly performed
imaging modality worldwide, yet it remains difficult to
interpret. Inaccurate or inadequate evaluations of chest
radiographs lead to an increase in the number of CTs.
Artificial intelligence studies on chest radiographs are
also quite common [20-23]. Chest X-ray studies using
LLMs are also being tested [13,23].

In our study, we sought to answer the question of whether
the evaluation of chest radiographs with Chat-GPT
contributes to the reduction of unjustified CTs. Different
prompts may provide the opportunity to experiment for
different gains. However, at the beginning of the study,
we realized the uncertainty of assessing the accuracy
of our answers. During the study, we found that the
interpretation of chest radiographs can vary depending
on the acquisition technique, experience, and general
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Figure 4: Expert radiologist’s decision (gold standard), residents’ and ChatGPT’s decision on the necessity of CT in

each patient
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approach of the radiologist, making accurate labeling
and unambiguous scoring difficult. In the literature,
similar issues have been attempted to be overcome
with a grading system used by different clinicians [24].
Similar publications have shown that the image analysis
capability of LLM offers new clinical possibilities in
radiology [25]. However, ongoing developments in the
field of artificial intelligence are needed to increase
diagnostic confidence in radiological applications [26].

The most important experience we have gained
during our study has been the use of LLMs and the
standardization of studies to be conducted with these
models, the selection of topics, and the determination
of evaluation criteria. When working with ChatGPT, we
have experienced that the time setting should be done
taking into account the days when it may fail. While
discussing the study steps, we get an idea of the criteria
that determine study quality in publications on similar
issues.

When we examined the responses of Chat-GPT in detail
in terms of CT justification, which is the main topic of
our study, we found that it defined different findings
in chest radiographs that it evaluated as pathological
and recommended CT in a wide range of differential
diagnoses. Chat-GPT recommends that CT should
be performed after every chest radiograph which is
evaluated as abnormal. Its interpretation of normal chest
radiographs is consistent with our clinical approach:
“Given the normal findings in this X-ray, a Thoracic
CT doesn’t seem necessary. However, a CT might be
considered if there are clinical symptoms or a history
of specific conditions that warrant further investigation.
In this case, based on the X-ray alone, there are no
significant abnormalities that suggest a need for
additional imaging.”

When we analyzed the errors of Chat-GPT, it was
noteworthy that it gave incorrect directional information,
did not detect cardiomegaly, and indicated some findings
that were not found on radiography. The fact that we
asked them to write down the 3 most important findings,
if any, in the prompt may have triggered “hallucination”.
The film technique is also one of the factors influencing
the answers. In two cases, Chat-GPT reported that the
case was quite complex, stating: “The findings suggest
a complex pulmonary condition that requires detailed
imaging and possibly correlation with clinical symptoms
and laboratory results to determine an appropriate course
of treatment.” The patients it describes as complex

are those with really had diffuse pathologic findings,
suggesting that the LLM’s recommendation may be
useful for triage.

This study has some limitations. Firstly, the number of
images evaluated was small. Secondly, the prompting
was performed only in English. Comparisons can be
made by prompting in different languages. Thirdly, only
ChatGPT-4, a paid version of LLMs, was used. In the
future, the performance of different LLMs, such as the
more recent version GPT-40, should be compared with a
larger number of images.

Conclusion

In this study, we shared our experiences about the
difficulties that residents and radiologists with different
experiences may encounter in chest X-ray evaluation
studies with artificial intelligence algorithms and the use
of LLM. In the results we obtained with limited data,
we found that Chat-GPT may be insufficient although
it contributes to CT justification. We think that studies
with various prompt suggestions that may be useful
in daily functioning in LLM use will be supportive of
product development.
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