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ABSTRACT

Background: ChatGPT-4 is a complex neural network primarily used for human interaction. It has been demonstrated that ChatGPT-4 is
capable of passing the FRCR 2A examination, thereby showcasing the potential of this artificial intelligence software. With an ever-increasing
imaging burden on the healthcare system, Al could be used to escalate abnormal scans for radiographers or radiologists to report, before
confirming that normal scans are indeed normal.

Objective: This article studies the potential utility of using ChatGPT-4 to categorize chest X-rays (CXRs) as normal or abnormal, with the
potential to prove that Al could be used to escalate abnormal scans and report them as early as possible.

Methodology: The study design used for this study is a retrospective diagnostic study, with the material sourced from various online resources.
The study duration is from January 2024 to February 2024. We studied the responses of ChatGPT-4 to 100 CXRs collected from the internet
over a period of 1 week. The accuracy of differentiating normal from abnormal X-rays and reaching the correct diagnosis was noted for each
radiological image input into the Al tool.

Results: ChatGPT-4 was able to detect normal CXR images with a 100% true negative rate. The true positive rate was 95.6%. ChatGPT-4 was
only 35.5% accurate in diagnosing the correct pathology; the most correct diagnoses were those of pulmonary oedema.

Conclusion: Although ChatGPT-4 was able to successfully identify normal CXRs, more sophisticated and refined Al models need to be

developed to accurately diagnose them.
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INTRODUCTION

By incorporating artificial intelligence (Al), the medical
industry is undergoing a massive transformation in the
way healthcare professionals approach diagnosis and
subsequent management of patients [1, 2]. Al, defined as
amachine’s ability to perform specific tasks by mirroring
human behavior and intelligence, has drastically changed
over the past few years from a simple concept to a
practical innovation with substantial clinical applications
[3]. The National Library of Medicine defines Al as “the
use of computers to carry out tasks that normally call for
objective reasoning and comprehension”. This further
highlights its capability to boost the limit of human
intellectual potential in an intricate medical setting [4].

Healthcare systems have become much better over the
past few years due to the capabilities of Al in pattern
recognition, data analysis, and decision-making [5-7].
This technological advancement deals with both
supervised and unsupervised learning, where Al systems
are trained either on distinct datasets or to independently
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identify patterns within the data [8]. Concerning medical
imaging, a notable example is deep convolutional neural
networks (DCNNs), which use sophisticated algorithms
to identify medical findings without the need for direct
supervision. This leads to unparalleled accuracy when it
comes to image interpretation [9].

Multiple medical specialist fields have benefitted from
Al integration, ranging from the enhanced decision-
making capabilities of an anaesthesiologist to the
improved pathological diagnoses and early cancer
detection in gastroenterology [10, 11]. These new
advances have helped reduce physician workload while
also maintaining, or in some cases even improving, the
diagnostic accuracy in areas that require extensive
pattern recognition and data processing.

However, radiology needs this technological
advancement more than ever. Radiologists and trained
imaging specialists undergo immense pressure due to
the absurd workload they face, and their stress plays an
adverse role in both their efficiency and accuracy. The
gap between imaging demand and available expertise to
read and diagnose those images is growing wider each
passing year [12]. As a radiologist, many complex scans
(including X-rays, CT scans, and MRI images) have to
be visually evaluated, and more often than not, these
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interpretations are subjective and highly dependent on
the radiologist’s experience and training. This factor
becomes particularly troublesome when subtle
abnormalities are present in the image, such as radiomic
features of the tracheobronchial tree in a CT scan. Even
highly experienced practitioners consider it notoriously
difficult to detect these minute findings [13].

Diagnostic challenges aren’t the only crises that
radiologists face; severe workforce constraints and
demands for humanly impossible productivity are just a
few of the issues that have plagued radiologists around
the world. As imaging data continues to grow at rates far
exceeding the amount of workforce available to read
them, a significant pressure is put on radiologists to
increase their productivity while maintaining their
diagnostic accuracy. In a study conducted in 2015, the
average radiologist was required to interpret one scan
every 3-4 seconds during an 8-hour workday [14]. Such
a pace will almost inevitably result in an increased
number of diagnostic errors and professional burnout.

The situation in the United Kingdom alone is very dire.
With approximately 7 million CXRs being requested
every year and the Royal College of Radiologists
reporting 976,000 awaiting plain film reports for more
than 30 days, the healthcare system has reached a
bottleneck, and this has directly impacted patient care
and disease outcome [15, 16]. These delays can have
serious clinical consequences, particularly for patients
with conditions that are time-sensitive, where early
detection and interventions play a major role in prognosis
and outcome.

Amidst this chaos, Al emerges as an answer to both the
problems of efficiency and accuracy in image reading.
AlT’s superior pattern recognition software and its ability
to automatically provide accurate interpretations make it
an indispensable tool for bettering clinical workflow.
When integrated properly, Al can be used as a screening
tool to provide pre-reviewed images with identified
features, therefore increasing productivity and reducing
diagnostic errors.

One of the largest advancements in large language model
technology, ChatGPT-4, has shown a stunning potential
in medical applications [17]. This advanced neural
network, mainly designed to imitate human interactions,
has demonstrated amazing results in the field of radiology
[18-20]. To top it all off, ChatGPT-4 successfully passed
the Fellowship of the Royal College of Radiologists
(FRCR) part 2A examination. However, it narrowly
failed FRCR part 1, hinting at the untapped potential but
current limitations of ChatGPT-4 in specialised
radiological applications [21].

The current radiological crisis can be addressed by
utilizing the concept of Al in CXR triage. Healthcare
systems may prioritize abnormal scans for immediate
assessment and put the normal ones on hold during
triage by implementing Al systems that can identify
whether a CXR is normal or not. This may significantly
limit reporting delays, and as a result, enhance patient
outcomes through improved earlier detection and
optimize resource allocation within an already
overwhelmed department.

The addition of a successful Al system in CXR triage
helps the healthcare systems beyond just workflow
improvements. These systems could later encompass
more complex imaging modalities like CT scans and
MRIs, potentially smoothing out the entire workflow in
radiology. Patients with acute conditions could benefit
from early detection and treatment of abnormal findings,
and such improvements can prove to be life-saving.

Primarily, this study aims to assess whether ChatGPT-4
can accurately differentiate between normal and
abnormal CXRs, thereby optimizing radiological
workflow by prioritizing abnormal scans for review.
This capability could establish a foundation for future Al
models to extend similar functionality to CT and MRI
scans, potentially enabling faster reporting for acutely ill
patients whose management could benefit from earlier
intervention, with potentially life-saving implications.

Here, we also aim to analyze the advantages and
disadvantages of implementing Al-powered workflows
in fluid organizational workflows in healthcare. We will
also look into ChatGPT-4’s diagnostic capabilities and
its clinical usefulness and shortcomings by providing
abnormal CXR diagnoses.

MATERIALS AND METHODOLOGY

This study is a retrospective diagnostic accuracy study,
with the material sourced from various online resources.
The study duration is from January 2024 to February
2024. No patient, participant, or institute was involved
in the study, and all radiological scans were taken from
the internet. Hence, no Institutional Review Board’s
approval was taken, and consent was not sought for this
study.

100 CXR images were collected from various online
resources for this study. The criteria for the images
were that only those images would be chosen that were
taken at adequate inspiration (8-10 posterior ribs at the
midclavicular line). The scans were selected on a
random basis with a mix of subtle and obvious findings
in a ratio of 1:1. The images were downloaded onto a
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computer in .img format. Out of 100 X-rays, 10 were
normal CXRs and 90 were pathological CXRs. The
pathologies consisted of pneumonia, pleural effusion,
pneumothorax, congestive heart failure (CHF), chronic
obstructive pulmonary disease (COPD), pulmonary
oedema, tension pneumothorax, atelectasis, and lung
carcinoma/metastasis. One of our researchers randomly
selected a mix of subtle and obvious findings as
abnormalities. First, an individual CXR was submitted
to ChatGPT-4 with the prompt, “Please analyze the
following chest X-ray and report it as either normal or
abnormal,” and the response from the Al tool was
recorded. ChatGPT-4 was then opened on an alternative
account, the same image was uploaded again, and
ChatGPT-4 was given the following prompt: “Please
analyze this chest X-ray and report any pathological
findings, or report it as normal,” and the response was
recorded. The corresponding diagnosis, whether normal
or abnormal, was then confirmed by a radiologist.

Data collected was analyzed using SPSS software
version 25.0. Frequencies and percentages were
computed to summarize ChatGPT-4 results. Differences
in ChatGPT-4’s capacity to recognize normal from
abnormal scans and pathological diagnoses among
CXRs were evaluated using Chi-square testing. The
results were presented in a clear and concise manner
with figures and text to illustrate key findings. The
statistical analysis used a p-value of <0.05 as the
threshold for determining statistical significance.

RESULTS

100 CXRs were submitted to ChatGPT-4. Out of the 10
CXRs that were normal, ChatGPT-4 demonstrated a
100% accuracy rate; 10 out of 10 CXRs were reported as
normal. Among the 90 abnormal CXR images,
ChatGPT-4 correctly identified 86 CXRs, showcasing a
96% positive result. The remaining 4 images, that is, 4%
of the dataset, were false negatives. No false positives
were observed in this dataset. Table 1 shows a two-by-
two confusion matrix depicting these results.

When asked to identify the pathology, ChatGPT-4
correctly diagnosed 32 CXRs, which amounts to 35.5%.

Table 1: A confusion matrix that shows the performance of
ChatGPT-4 in interpreting 100 CXRs. (TN= True negative, FN=
False negative, FP= False positive, TP= True positive).

ChatGPT-4’s Success Rate in Diagnosing Chest X-Ray

Abnormalities
10

Frequency

Tension Pn Lung Carcin
CHF CopPD Pulmonary eumothora | Atelactasis | oma/Meta
Oedema X stasis

Correct 4 5 2 8 0 8 0 0 5

Pleural Effu| Pneumoth

Pneumonia sion orax

Incorrect 6 5 8 2 10 2 10 10 5

Fig. (1): Figure showing a cluster bar chart representing ChatGPT-
4’s correct and incorrect responses in diagnosing chest X-ray
abnormalities. (CHF= congestive heart failure, COPD= chronic
obstructive pulmonary disorder).

Among the abnormal images, ChatGPT-4’s performance
for each pathology is given as follows: ChatGPT-4
correctly diagnosed 4 out of 10 images of pneumonia
(40%), 5 out of 10 images of pleural effusion (50%), 2
out of 10 images of pneumothorax (20%), 8 out of 10
images of CHF (80%), 0 out of 10 images of COPD
(0%), 8 out of 10 images of pulmonary oedema (80%), 0
out of 10 images of tension pneumothorax (0%), 0 out of
10 images of atelectasis (0%), and 5 out of 10 images of
lung carcinoma/metastasis (50%). These preliminary
findings indicate ChatGPT-4 is able to identify normal
chest X-ray images but is not 100% successful at
identifying abnormal chest X-rays. The diseases that
were correctly diagnosed the most were pulmonary
oedema (80%) and CHF (80%), while COPD, tension
pneumothorax, and atelectasis were not identified
correctly by ChatGPT-4. Fig. (1) shows a cluster bar
chart representing ChatGPT-4’s response to identifying
abnormal CXRs.

A Chi-square test of Independence was conducted
to evaluate whether ChatGPT-4’s success rates in
detecting chest X-ray abnormalities differed significantly
across various pathological conditions. The analysis
revealed a statistically significant difference in diagnostic
performance across conditions, ¥*8) = 391.23,
p < 0.0001. This suggests that the variability in success
rates is unlikely to be due to chance and indicates that
ChatGPT-4’s ability to identify abnormalities is
condition-dependent.

DISCUSSION
The results of this research demonstrate both the endless
potential and the limitations of ChatGPT-4 in CXR
interpretation, revealing a complex landscape of Al
performance that requires careful consideration for
clinical implementation. While ChatGPT-4 achieved
perfect accuracy (100%) in identifying normal CXRs, its

ChatGPT Normal Abnormal Total

Prediction (Actual) (Actual)

Normal

(Predicted) 10 (TN) 4 (FN) 14

Abnormal

(Predicted) 0 (FP) 86 (TP) 86

Total 10 90 100
6
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inconsistent performance across different pathological
conditions raises significant concerns about patient
safety and clinical utility.

The 96% sensitivity for detecting abnormal CXRs, while
initially promising, must be interpreted within the
context of the 4% false-negative rate. Recent studies
have shown that Al tools like gXR, with computer- aided
detection (CAD) software, can achieve 99.7% sensitivity
for abnormal CXR detection, highlighting the suboptimal
performance of ChatGPT-4 in this critical application
[22]. Recent studies have shown that comprehensive
deep-learning models can achieve superior performance
in chest X-ray interpretation across a large breadth of
clinical practice [23]. The false-negative rate observed
in our study is particularly concerning, given that missed
diagnoses can have severe clinical consequences,
especially for life- threatening conditions such as tension
pneumothorax, which ChatGPT-4 failed to detect in all
cases.

The condition-specific performance variations observed
in our study align with recent literature documenting the
challenges of Al generalizability across different
pathologies [24-26]. Contemporary Al systems have
demonstrated superior sensitivity for lung lesions
(0.83 versus 0.52), consolidations (0.88 versus 0.78),
and atelectasis (0.54 versus 0.43) compared to written
reports, yet these improvements often come with higher
false-detection rates [27]. Our findings of 80% accuracy
for both CHF and pulmonary oedema, contrasted with
0% accuracy for COPD, tension pneumothorax, and
atelectasis, underscore the need for condition-specific
Al training and validation.

The limitations of ChatGPT-4 become more apparent
when compared to dedicated chest X-ray Al systems.
While ChatGPT-4 demonstrated only 40% accuracy for
pneumonia detection in our study, recent foundation
auto-refined models specifically trained on chest
radiography have shown significant improvements in
diagnostic scope, generalizability, and robustness [28].
Advanced Al models have achieved 93.5% accuracy in
pneumothorax detection, compared to ChatGPT-4’s 20%
detection rate for pneumothorax and 0% for tension
pneumothorax in our study [29].

Real-world implementations of Al triaging systems have
shown more promising results. Studies evaluating Al-
assisted chest radiograph interpretation have
demonstrated that Al engines can improve reader
performance and efficiency when used concurrently
with radiologist interpretation [30]. External validations
of Al algorithms in clinical practice have shown that Al-

aided interpretation provides significant advantages in
the detection and localization of lung lesions [31].

The safety implications of implementing ChatGPT-4 in
clinical workflows cannot be overstated. The 4% false-
negative rate represents a significant patient safety risk,
particularly for critical conditions. Recent systematic
reviews have identified that commercially available
chest radiograph Al tools, while effective for detecting
various pathologies, can produce more false-positive
findings than radiology reports, and their performance
decreases for smaller-sized target findings and when
multiple findings are present [32]. The complete failure
to detect tension pneumothorax in our study exemplifies
these safety concerns, as this condition requires
immediate intervention to prevent fatal outcomes.
Specialized Al models for pneumothorax detection have
shown much better performance, with studies
demonstrating accurate detection of both pneumothorax
and tension pneumothorax in chest radiographs [33].
However, factors such as patient positioning and imaging
quality can significantly influence Al performance [34].

The integration of Al assistance with radiologist
expertise has shown particularly promising results.
Studies comparing radiologist performance with and
without Al assistance have demonstrated that deep
learning algorithms can help radiologists achieve
improved efficiency and accuracy in chest radiograph
diagnosis [35]. This collaborative approach may
represent the optimal path forward for clinical
implementation.

We acknowledge the numerous limitations of our study.
The retrospective design using internet-sourced images
does not reflect the complexity and variability of real
clinical practice. Online radiological images are
substantial for educational purposes, but often do not
reflect the true clinical dataset. Using non-verified online
datasets and unblinded radiologist review introduces
significant bias and lacks clinical validity. Additionally,
the relatively small sample size of 100 images, while
adequate for preliminary assessment, may not capture
the full spectrum of diagnostic challenges encountered
in routine clinical practice. Recent multicenter studies
have shown that Al algorithm performance can vary
significantly across different institutions and patient
populations [31].

CONCLUSION
While ChatGPT-4 demonstrates potential as a screening
tool for identifying normal chest X-rays, its current
diagnostic capabilities are insufficient for safe clinical
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implementation. The 4% false-negative rate and
complete failure to detect critical conditions like tension
pneumothorax represent unacceptable risks to patient
safety.

However, the field of Al-assisted chest X-ray
interpretation continues to evolve rapidly. Purpose- built
Al systems designed specifically for radiological
applications show greater promise for clinical integration.
The implementation of Al-assisted chest X-ray
interpretation is about time, but it must be done with
comprehensive validation, appropriate safeguards, and
continuous monitoring to ensure patient safety.

The path forward requires a balanced approach that
harnesses Al’s potential while maintaining rigorous
safety standards. As Al technology advances, the goal
should be to develop systems that enhance rather than
replace human expertise, ultimately improving patient
outcomes through more efficient and accurate diagnostic
workflows.
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