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Evaluating Microsoft Bing with ChatGPT-4 for the assessment of 
abdominal computed tomography and magnetic resonance images

PURPOSE
To evaluate the performance of Microsoft Bing with ChatGPT-4 technology in analyzing abdominal 
computed tomography (CT) and magnetic resonance images (MRI).

METHODS
A comparative and descriptive analysis was conducted using the institutional picture archiving and 
communication systems. A total of 80 abdominal images (44 CT, 36 MRI) that showed various enti-
ties affecting the abdominal structures were included. Microsoft Bing’s interpretations were com-
pared with the impressions of radiologists in terms of recognition of the imaging modality, identi-
fication of the imaging planes (axial, coronal, and sagittal), sequences (in the case of MRI), contrast 
media administration, correct identification of the anatomical region depicted in the image, and 
detection of abnormalities.

RESULTS
Microsoft Bing detected that the images were CT scans with 95.4% accuracy (42/44) and that the 
images were MRI scans with 86.1% accuracy (31/36). However, it failed to detect one CT image 
(2.3%) and misidentified another CT image as an MRI (2.3%). On the other hand, it also misidentified 
four MRI as CT images (11.1%) and one as an X-ray (2.7%). Bing achieved an 83.75% success rate 
in correctly identifying abdominal regions, with 90% accuracy for CT scans (40/44) and 77.7% for 
MRI scans (28/36). Concerning the identification of imaging planes, Bing achieved a success rate of 
95.4% for CT images and 83.3% for MRI. Regarding the identification of MRI sequences (T1-weight-
ed and T2-weighted), the success rate was 68.75%. In the identification of the use of contrast media 
for CT scans, the success rate was 64.2%. Bing detected abnormalities in 35% of the images but 
achieved a correct interpretation rate of 10.7% for the definite diagnosis. 

CONCLUSION
While Microsoft Bing, leveraging ChatGPT-4 technology, demonstrates proficiency in basic task 
identification on abdominal CT and MRI, its inability to reliably interpret abnormalities highlights 
the need for continued refinement to enhance its clinical applicability.

CLINICAL SIGNIFICANCE 
The contribution of large language models (LLMs) to the diagnostic process in radiology is still 
being explored. However, with a comprehensive understanding of their capabilities and limita-
tions, LLMs can significantly support radiologists during diagnosis and improve the overall efficien-
cy of abdominal radiology practices. Acknowledging the limitations of current studies related to 
ChatGPT in this field, our work provides a foundation for future clinical research, paving the way for 
more integrated and effective diagnostic tools.
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Main points

•	 In this study, the performance of large lan-
guage models in analyzing abdominal im-
ages is evaluated.

•	 The model accurately recognized the imag-
ing modality in 95.4% of computed tomog-
raphy cases and 86.1% of magnetic reso-
nance imaging cases.

•	 Microsoft Bing detected abnormalities in 
35% of the images but achieved a correct 
interpretation rate of 10.7% for the definite 
diagnosis.

Large language models (LLMs), such as 
ChatGPT-4, are designed for advanced 
natural language understanding and 

generation. Due to extensive pre-training on 
diverse datasets, these models can process 
and generate human-like text. Recent stud-
ies have explored the utility of LLMs in var-
ious domains, including academic writing, 
literature reviews, radiological reporting, and 
radiological case solving.1-5

However, a significant limitation of ex-
isting chatbots is their text-based nature. 
While image generators such as DALL·E have 
demonstrated impressive results in creating 
visual content,6 integrating such capabilities 
into text-based chatbots such as ChatGPT 
remains challenging. Encouragingly, recent 
updates in Microsoft Bing, which leverages 
ChatGPT-4 technology, have introduced the 
functionality of image upload.7-9 Consider-
ing the text-based nature of LLMs, this rep-
resents a significant advancement, showing 
promise in analyzing uploaded images.10

While the exact method by which LLMs 
interpret images is not fully understood, it 
likely involves multimodal learning methods 
and the integration of machine learning al-
gorithms within the chatbot.11-13 Although 
LLMs can successfully evaluate everyday 
non-medical images, interpreting radiologi-
cal images is a more sensitive issue and re-
quires rigorous testing for potential model 
development. The potential of LLMs to in-
terpret radiological images from certain per-
spectives could provide practical benefits. 
Given the recent addition of image upload 
functionality to LLMs, the literature lacks 
comprehensive evaluations of these models’ 
performance in analyzing radiological imag-
es.

This study aims to assess the capability 
of Microsoft Bing, which utilizes ChatGPT-4 
technology, to analyze abdominal images 
from computed tomography (CT) and mag-
netic resonance imaging (MRI) examinations. 
The goal is to evaluate the model’s interpre-

tive capabilities using consensus evaluations 
by radiologists as the gold standard.

Methods

Study design and image selection

This study was approved by the Eth-
ics Committee of Ege University Faculty of 
Medicine (protocol number: 23-8T/9, date: 
08.12.2023). Informed written consent was 
waived. All images used in the study were 
fully anonymized, ensuring that no identifi-
able information was present. None of the 
images have previously been published in 
any open or subscription-based journals in a 
different study.

A retrospective search was conducted for 
abdominal CT and MRI acquired between 
April 2023 and July 2023, using the institu-
tional picture archiving and communication 
systems (SECTRA PACS, Sectra AB, Linköping, 
Sweden). 

Abdominal CT scans were conducted 
using either a single-source 64-slice rapid 
kV-switching dual-energy CT scanner (Dis-
covery CT750 HD; GE Healthcare, WI, USA) 
or a 128-slice CT system (Somatom Defini-
tion; Siemens, Germany). Abdominal MRI 
scans were obtained using either a 3T MRI 
scanner (Magnetom Verio, Siemens, Germa-
ny) or a 1.5 T system (Magnetom Amira, Sie-
mens, Germany). The abdominal MRI scans 
encompassed axial, coronal half-Fourier-ac-
quired single-shot turbo spin-echo, coronal 
T2-weighted turbo spin-echo sequence with 
fat suppression, and axial, coronal, sagittal 
fat-suppressed spoiled gradient-echo with 
volumetric interpolated breath-hold exam-
ination sequences.

The images were selected through the 
consensus of a senior radiology resident and 
an abdominal radiologist with 10 years of ex-
perience. When selecting both CT and MRI, 
the imaging plane and sequence where the 
pathology or mass was most clearly visual-
ized were chosen. Only artifact-free images 
that delineated the relevant pathology in a 
single image section were included.

The study investigated a wide range of 
conditions commonly encountered in rou-
tine clinical practice. These entities encom-
passed hepatomegaly, hepatosteatosis, 
splenomegaly, chronic parenchymal liver 
disease, gallstones, acute pancreatitis, be-
nign and malignant neoplasms of the liver, 
kidney, and ureter stones with associated hy-
dronephrosis, bladder stones, bladder diver-
ticulum, benign and malignant neoplasms 

of the urogenital system, benign and ma-
lignant gastrointestinal system pathologies, 
intra-abdominal abscesses, intraperitoneal 
free fluid, abdominal aortic aneurysm, and 
retroperitoneal masses.

The specific choice to focus on abdominal 
imaging in this study was the relatively limit-
ed use of artificial intelligence (AI) in this area 
compared with other parts of the body.14 
Another reason that the abdominal imag-
es were selected was that this area includes 
various organs with a wide spectrum of daily 
encountered pathologies. 

The inclusion criteria were as follows: 1) 
adult patients (aged >18 years); 2) for the 
evaluation of masses, only those with diag-
noses confirmed by histopathology; and 3) 
entities that can be unambiguously identi-
fied in a single cross-sectional image.

The exclusion criteria were as follows: 
1) for the evaluation of masses, any cases 
without histopathological confirmation; 2) 
entities that cannot be identified in a single 
cross-sectional image; and 3) images that are 
non-diagnostic due to artifacts.

Reviewers’ interpretations

The evaluation process involved a col-
lective assessment of the imaging modality, 
whether the images were contrast-enhanced 
or unenhanced, and the MRI sequences 
(T1-weighted or T2-weighted MRI). In addi-
tion, any existing pathology or mass within 
the organ was investigated in terms of its lo-
cation and nature.

Three months after image selection, these 
evaluations were provided through the con-
sensus of a senior radiology resident and an 
abdominal radiologist with 10 years of expe-
rience. The reviewers, who had no access to 
clinical information, provided written reports 
outlining their findings, impressions, and dif-
ferential diagnoses.

For standardization purposes, after the 
image evaluation was completed, electronic 
medical records were examined to investi-
gate clinical and histopathological diagno-
ses. The histopathological diagnosis of the 
masses was confirmed.

Microsoft Bing’s interpretation 

Microsoft Bing is an LLM that utilizes Gen-
erative Pre-trained Transformer 4 (GPT-4) 
technology created by OpenAI. Additionally, 
with its text-based nature, the Bing model 
was the first LLM to introduce an image up-
load feature.
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Before uploading images for interpre-
tation, we experimented with 20 images 
that were not used in the study to identify 
suitable prompts. Although different tech-
niques have been defined for prompt engi-
neering,15,16 due to the recent addition of the 
image upload feature to the chatbot and the 
lack of prompt engineering work on this top-
ic, prompts were generated based on provid-
ing images and questions.

We replaced all radiologic, pathologic, 
and medical terms in the file names with 
numbers (1, 2, 3, 4, etc.), meticulously ensur-
ing that the images themselves were devoid 
of any text. For the interpretation using Mic-
rosoft Bing, each radiological image was in-
dependently uploaded to the Bing chatbot.

The “More Creative” Bing chatbot model 
was selected from three available options. 
This model was chosen because the other 
two models tended to not answer questions. 
To mitigate potential bias, the chat interface 
was cleared after each image upload, and no 
additional information accompanied the up-
loaded images. Bing’s analysis was driven by 
customized prompts, progressively tailored 
to our study requirements. These prompts 
first inquired about the imaging modality 
and then for details such as the sequences 
for MRI and the use of contrast media for CT 
images. The analysis also examined the im-
aging planes and the presence of abnormali-
ties in the images (Figure 1).

The initial response generated by Bing 
was considered, and subsequent repetitions 
of the same questions were avoided. In in-

stances where the imaging modality was in-
correctly predicted, no further inquiries were 
made regarding the imaging sequence. 

Evaluation criteria

The evaluations of Microsoft Bing’s in-
terpretations and the assessment of radiol-
ogists were based on the accuracy of the 
imaging modality, sequence (in the case of 
MRI), imaging plane, correct identification of 
the anatomical region depicted in the radio-
logical image, identification of contrast me-
dia administration, and the detection of any 
abnormalities.

Statistical analysis

Descriptive statistics were employed to 
analyze the collected data and evaluate the 
effectiveness of Microsoft Bing in image in-
terpretation. Categorical variables were com-
pared using the chi-square test. All analyses 
were conducted using Excel, version 14.7.1 
(Microsoft Corp, Redmond, WA), and SPSS 
version 28 software (IBM SPSS, Inc, Armonk, 
NY, United States). A P value of <0.05 was 
considered statistically significant.

Results
In this study, we utilized a sample of 80 

images (44 CT scans and 36 MRI scans) for our 
analysis, as detailed in Table 1. Out of the CT 
scans, six were non-contrast scans covering 
the entire abdomen, whereas 38 were con-
trast-enhanced scans. For MRI scans, 26 were 
non-contrast scans covering the entire abdo-
men and 10 were contrast-enhanced scans. 

Identification of the anatomical region

Microsoft Bing achieved an 83.75% suc-
cess rate in identifying abdominal regions 
in the images. It correctly identified 90% of 
cases (40 out of 44) in CT scans and 77.7% 
(28 out of 36) in MRI scans. Incorrectly local-
ized abdominal images were misinterpret-
ed as images of the head, neck, brain, knee, 
and chest. Upon further examination, it was 
found that 83.3% of the images that were 
mistaken for the neck were in the sagittal 
plane (five out of six images).

Recognition of the imaging modality

Out of the 44 CT images, Microsoft Bing 
accurately identified them as CT scans in 
95.4% of cases. In one instance, a CT image 
could not be detected (2.3%). Moreover, in 
another case, Bing misidentified a CT image 
as an MRI (2.3%). Out of the 36 MRI, Microsoft 
Bing accurately identified them in 86.1% of 
cases. However, in four cases, Bing mistak-
enly classified MRI as CT images (11.1%). Ad-
ditionally, there was one case where an MRI 
was incorrectly identified as an X-ray (2.7%).

Identification of the imaging plane

In terms of correctly identifying imaging 
planes (axial, coronal, and sagittal), Microsoft 
Bing achieved a success rate of 95.4% for CT 
images and 83.3% for MRI. However, a to-
tal of eight images were mislabeled. Out of 
these mislabeled images, six were incorrectly 
identified as coronal instead of axial (75% of 
the mislabeled cases), one was mistakenly la-
beled as axial instead of sagittal (12.5% of the 
mislabeled cases), and one that should have 
been identified as coronal was labeled as axi-
al (12.5% of the mislabeled cases).

Identification of the magnetic resonance 
imaging sequence

Out of a total of 36 MRI, Microsoft Bing 
misidentified three as CT images and one 
as an X-ray. For these four images, the corre-
sponding MRI sequence was not queried at 
all. Among the remaining 32 MRI, the system 
correctly identified the sequence in 22 imag-
es (68.75%), whereas it could not detect the 
sequences in two images (6.25%) and made 
mistakes in eight images (25%). Out of the 
eight misidentified images, four should 
have been classified as T2-weighted but 
were labeled as T1-weighted. Additionally, 
in three of the misidentified images, Bing 
mistakenly labeled them as T1-weighted 
instead of T2-weighted. Furthermore, Bing 
erroneously identified one image as proton 
density-weighted instead of T2-weighted 
(Figure 2).

Figure 1. Flowchart diagram illustrating the steps involved in interpreting magnetic resonance imaging 
(MRI) and computed tomography (CT) images. The diagram shows how Bing can be prompted to analyze 
MRI and CT images and provide relevant information, such as the anatomical plane, the MRI sequence, the 
presence of abnormalities, and the use of contrast media.
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Table 1. Details of the entities in the CT and MRI images

Entities (CT) Entities (MRI)

Abdominal cavity (n = 1) Abdominal cavity (n = 5)

Intraabdominal abscess (n = 1) Intraabdominal abscess (n = 3)

Intraperitoneal free fluid (n = 2)

Genitourinary system 
(n = 18) Genitourinary system (n = 10)

Renal angiomyolipoma (n = 1) Renal angiomyolipoma (n = 1)

Renal cell carcinoma (n = 2) Renal cell carcinoma (n = 1)

Nephrolithiasis (n = 2) Renal cyst (n = 1)

Horseshoe kidney (n = 1) Bilateral hydronephrosis (n = 1)

Ureteral stone (n = 1) Bladder stone (n = 1)

Bladder stone (n = 1) Bladder diverticulum (n = 1)

Bladder diverticulum (n = 1) Bladder cancer (n = 1)

Bladder cancer (n = 1) Uterine myoma (n = 1)

Adnexal tumor (n = 2) Benign prostatic hyperplasia (n = 1)

Autosomal dominant polycystic kidney 
disease (n = 2)

Autosomal dominant polycystic kidney 
disease (n = 1)

Prostatomegaly (n = 2)

Prostate cancer (n = 2)

Liver (n = 7) Liver (n = 12)

Hydatid cyst (n = 1) Hydatid cyst (n = 1)

Hemangioma (n = 1) Hemangioma (n = 2)

Diffuse hepatic steatosis (n = 1) Biliary cysts (n = 3)

Cholangiocellular carcinoma (n = 1) Liver metastases (n = 2)

Hepatocellular carcinoma (n = 2) Hepatocellular carcinoma (n = 1)

Cirrhosis (n = 1) Cirrhosis (n = 1)

Hepatomegaly (n = 2)

Spleen (n = 1) Spleen (n = 2)

Splenomegaly (n = 1) Splenomegaly (n = 1)

Splenic infarction (n = 1)

Gastrointestinal system 
(n = 8) Gastrointestinal system (n = 3)

Colon cancer (n = 3) Ulcerative colitis (n = 1)

Gastric cancer (n = 1) Rectum cancer (n = 2)

Gastric lymphoma (n = 1)

Crohn’s disease (n = 1)

Mechanical bowel obstruction (n = 1)

Perforated duodenal ulcer (n = 1)

Retroperitoneum (n = 5) Retroperitoneum (n = 1)

Retroperitoneal malignancy (n = 3) Abdominal aortic aneurysm (n = 1)

Abdominal aortic aneurysm (n = 2)

Abdominal wall (n = 1)

Incisional hernia (n = 1)

Bone (n= 1)

Metastasis (n = 1)

Gallbladder (n = 1) Gallbladder (n = 1)

Cholelithiasis (n = 1) Cholelithiasis (n = 1)

Pancreas (n =1) Pancreas (n = 2)

Acute pancreatitis (n = 1) Pseudocyst (n = 1)

Walled-off necrosis (n = 1)

MRI, magnetic resonance imaging; CT, computed tomography.
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Identification of contrast media adminis-
tration

Out of the total 44 CT images, Bing could 
not detect the imaging modality for one 
image, and one was incorrectly recognized 
as an MRI instead of a CT image. These two 
images were excluded from the inquiry of 
contrast media administration. For the re-
maining 42 CT images, Bing was able to suc-
cessfully detect the contrast media adminis-
tration for 27 (64.2%) but could not identify 
it for three (7.1%). However, there were some 
inaccuracies in Bing’s identification of 12 im-
ages (28.5%). Among these 12 misidentified 
images, Bing mistakenly labeled 10 (83.3%) 
as “without contrast media administration.” 
Conversely, it incorrectly labeled two images 
(16.6%) as “with contrast media administra-
tion” (Figure 3).

When evaluating Bing’s performance, no 
significant superiority between CT and MRI 
was observed in any of the different tasks (P 

> 0.05). Figure 4 summarizes the accurate re-
sponses (%) of Bing across various tasks.

Detection of abnormalities or additional 
comments

Microsoft Bing detected abnormalities in 
35% of the abdominal images. However, its 
accuracy in correctly interpreting these ab-
normalities was limited, as it only achieved 
a correct interpretation rate of 10.7% for the 
detected abnormalities. In addition to its in-
terpretations, Microsoft Bing provided inter-
esting additional comments on the images 
(Table 2).

Discussion
This study demonstrates that Microsoft 

Bing can accurately identify basic tasks in 
radiological images, such as detecting ana-
tomical regions, imaging modalities, and im-
aging planes. However, its accuracy decreas-
es when identifying MRI sequences (68.75%) 
and detecting administration of contrast me-

dia for CT scans (64.2%). From a diagnostic 
perspective, it demonstrated limited success 
in determining pathology, with only a 10.7% 
success rate.

Radiologists, who play a pivotal role in 
interpreting medical images, are increasing-
ly harnessing the power of AI. Among the 
various facets of AI, LLMs have emerged as 
a distinct area of interest.17 However, the 
text-based nature of LLMs, as exemplified 
by chatbots such as ChatGPT, Google Bard, 
and Microsoft Bing, presents challenges in 
effectively handling radiological images. 
Despite this limitation, an innovative ap-
proach termed “diagnoses based on imaging 
patterns” was introduced by Kottlors et al.18 
Although reliant on text, this method has 
successfully addressed the issue and yield-
ed valuable insights. Remarkably, ChatGPT-
4’s suggestions demonstrated compatibility 
at a rate of 68.8%, and a notable 93.8% of 
these suggestions were considered accept-
able alternatives.18 Similarly, Sarangi et al.19 

Figure 2. Microsoft Bing’s interpretation for the identification of magnetic resonance imaging sequences. Bing misidentified the T2-weighted image as a T1-
weighted image. 
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examined cardiovascular and thoracic im-
aging patterns using four different language 
models and demonstrated that Google Bard 
exhibited lower performance compared with 
the other models.

Currently, models trained with medical 
information, such as Med-PaLM2,20 are being 

developed but are not yet available for use. 
Additionally, the Language and Visual As-
sistant model developed by Goktas et al.21,22 
could be used in conjunction with the smart 
prompt learning method for skin patholo-
gies, and this could also be applied in radiol-
ogy. Rather than aiming for a 100% diagno-

sis, it is emphasized that results obtained 
from proportions and options could be more 
practical and efficient in daily use.21,22 How-
ever, there is no existing literature that exam-
ines the performance of the chatbots for the 
evaluation of radiologic images.

To fully evaluate the effectiveness of these 
advancements, especially in the analysis of 
radiological images, we believe it is neces-
sary to increase research efforts in this area. 
While we have made initial strides in this di-
rection, our current study mainly focuses on 
assessing the chatbot’s ability to recognize 
specific anatomical regions in an image and 
identify basic diagnostic tests. 

For this study, we chose to use abdominal 
images, which often include multiple organs. 
Recent meta-analyses have indicated that 
only a small percentage (4%) of commercial-
ly available AI applications are dedicated to 
abdominal imaging, with a mere 3% for liver 
imaging and 1% for prostate imaging. This is 
substantially lower than the adoption rates 
observed in other fields, such as neuroradiol-
ogy, chest imaging, breast imaging, cardiac 
imaging, and musculoskeletal imaging.14

Figure 3. Microsoft Bing’s interpretation for the identification of the use of contrast media. Bing accurately interpreted the non-contrast computed tomography 
image. 

Figure 4. Bar chart illustrating the accuracy (%) displayed by the Bing large language model across 
different tasks, presented as percentages. Each group represents a distinct task, with bars indicating the 
corresponding accuracy rates. CT, compted tomography; MRI, magnetic resonance imaging.
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Table 2. Abnormalities and additional comments from Microsoft Bing, which include both accurate and partially accurate comments, along 
with the interpretation of the radiologist

Finding in the 
patient’s image

Abnormalities/additional comments (Bing) - accurate and 
partially accurate comments

Reviewer’s interpretation

Abdominal aortic 
aneurysm
(CT image) Spleen, kidney normal, liver enlarged.

The liver size has increased, and there is an aneurysmatic dilation 
observed at the infrarenal level of abdominal aorta, which has 
reached a diameter of 6.5 cm and shows partial thrombosis.

Hepatocellular 
carcinoma
(CT image)

Cancer of the liver.

A large mass is observed in segments 5–6 of the right lobe of 
the liver, extending exophytically toward the abdominal cavity. 
The lesion exhibits a heterogenous internal structure with 
hypervascularity in the arterial phase.

Liver hydatid cyst
(CT image) I can notice that your liver appears enlarged and there is a 

small amount of fluid around it. 

A large lobulated, thick-walled cystic lesion is observed in the liver 
extending from the anterior segments of the right lobe of the liver to 
the medial segment of the left lobe.

Prostate carcinoma
(CT image) The image appears to be of an adult male.

An increase in the size of the prostate gland is observed. The 
prostate gland shows an infiltrative extension toward the bladder in 
the anterosuperior aspect and toward the rectum in the posterior 
aspect. In the presacral area, there are irregularly bordered nodular 
soft tissues that merge with each other, and linear densities are 
observed in the surrounding fat planes. These findings strongly 
suggest the possibility of prostate malignancy.

Hemangioma
(CT image) Right lobe of the liver, which could indicate a tumor or an 

abscess.

A large peripheral nodular contrast-enhancing mass, extending from 
the level of segments 5–6 of the right lobe of the liver toward the 
abdominal cavity, is primarily suggestive of a hemangioma.

Gastric carcinoma
(CT image)

It seems that there is an abnormality in the stomach area. 
There is a large mass that occupies most of the stomach 
and extends into the left side of the abdomen. This could 
be a sign of a tumor, a cyst, or an infection. The liver also 
appears to be enlarged, which could indicate liver disease or 
inflammation.

At the level of the stomach cardia and the lesser curvature, there is 
wall thickening observed, asymmetrically extending into the lumen 
in a polypoid manner. These findings are primarily suggestive of a 
malignant nature.

Giant hemangioma
(MRI) The liver appears to be enlarged and has a white mass on it.

A peripheral nodular contrast-enhancing mass filling the left lobe of 
the liver and extending exophytically toward the abdominal cavity. 
The findings are primarily suggestive of a hemangioma.

Hepatocellular 
carcinoma
(MRI)

The liver appears to be damaged or diseased, as it has a 
dark, uneven texture. I cannot diagnose the exact condition 
of the liver, but it may be affected by cirrhosis, hepatitis, 
cancer, or other liver diseases.

The liver demonstrates a large-sized mass with mildly increased 
signal intensity in the peripheral region and high signal intensity in 
the central section, which may contain cystic-necrotic areas. These 
findings are primarily suggestive of a malignant nature.

Duodenal ulcer 
perforation
(CT image)

There are several dark spots on the scan, which may indicate 
damage or abnormalities.

Widespread free-air densities are observed in the abdominal cavity, 
which are primarily indicative of gastrointestinal system perforation.

Abscess
(MRI)

The large white area could be a tumor or an abnormal 
growth that needs further investigation. The image quality is 
low and the details are not

A large-sized lesion with peripheral contrast enhancement and 
a cystic appearance is observed in the left paraaortic area. The 
findings are primarily suggestive of an abscess.

Biliary cyst
(MRI)

Large mass on the left side of the image that could be a 
tumor or cyst. I also see several smaller masses throughout 
the image that could be metastases or benign lesions.

A large-sized, lobulated, and thin-walled cystic lesion is observed in 
the central part of the liver.

Renal cell carcinoma 
(CT image)

The image shows the liver, spleen, and kidneys. The liver 
appears enlarged and there is a large mass in the right lobe. 
This could be a sign of liver cancer or another condition.

A large mass in the middle part of the kidney is present. The lesion 
extends endophytically toward the renal sinus and exophytically 
toward the pararenal area. The lesion has irregular borders and 
contains peripheral hypervascular solid areas, as well as low-
density areas in the central region, which could be suggestive of 
necrosis. Given these features, the primary consideration is renal cell 
carcinoma.

Hepatosteatosis
(CT image)

I see an abnormality in the image, which is a dark spot on 
the left side of the liver. This could indicate a tumor, a cyst, 
an abscess, or another condition that affects the liver tissue.

The liver parenchyma shows a diffuse decrease in density compared 
with the spleen, which is suggestive of hepatosteatosis.
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Bing’s robust performance-demonstrated 
by its high accuracy rates (83.75%) in under-
standing abdominal images and its notable 
success in imaging modalities such as CT 
(95.4%) and MRI (83.3%)-inspires us to further 
explore detailed inquiries related to medical 
images. Despite its proficiency in identifying 
planes in images, there have been instances 
where it misclassified coronal images as axial 

(12.5%). Interestingly, while the model may 
correct its mistake upon subsequent ques-
tioning, our research was focused on the 
initial responses. This distinction is import-
ant because when asked the same question 
again, the model might recognize the error 
or interpret the user’s dissatisfaction with the 
previous answer, potentially providing a dif-
ferent response. This situation underscores 

the need for caution regarding LLMs’ poten-
tial inconsistency.

While Bing’s responses sometimes ac-
curately predict the application of MRI se-
quences and administration of contrast 
agents for CT scans, there have been instanc-
es where it misinterprets the information. An 
important point to highlight is the rationale 

Table 2. Continued
Finding in the 
patient’s image

Abnormalities/additional comments (Bing) - incorrect 
comments

Reviewer’s interpretation

Cholelithiasis
(CT image)

The liver appears to be enlarged and has a heterogeneous 
texture, which could indicate some inflammation or fatty 
infiltration.
The spleen also appears to be enlarged and has a smooth 
contour, which could suggest congestion or infection.
The stomach is distended and filled with gas, which could 
be due to gastric dilatation or obstruction.
The intestines are also distended and show multiple air-fluid 
levels, which could indicate ileus or bowel obstruction.
There is some fluid accumulation in the peritoneal cavity, 
which could be due to ascites or peritonitis.

A high-density structure is observed in the lumen of the gallbladder, 
which is primarily indicative of a gallbladder stone.

Cholangiocellular 
carcinoma
(CT image)

I can see in the image that the liver looks enlarged and has 
a patchy appearance. This could indicate some liver disease 
or injury.

At the level of posterior segments of right lobe of the liver, a mass is 
observed with a peripheral location, causing retraction of the liver 
capsule. The mass exhibits peripheral contrast-enhancing solid areas 
and central cystic-necrotic hypodense areas, which are suggestive 
of a malignant nature. However, due to the absence of chronic 
parenchymal liver disease findings and the presence of retractions 
caused by the mass on the liver capsule, the primary consideration is 
cholangiocellular carcinoma.

Lymphoma gastric 
involvement
(CT image)

The liver appears to be enlarged and there is a dark area in 
the upper right portion of the liver. This could indicate a liver 
abscess.

The presence of increased size in both the liver and spleen is 
observed. Additionally, there are signs of periportal edema in the 
liver. Furthermore, there is diffuse and severe thickening of the 
gastric wall. Considering the enlargement of the liver and spleen 
along with these findings, lymphoma is considered as a possible 
explanation.

Autosomal dominant 
polycystic kidney 
disease
(CT image)

The bright white spots on either side of the pelvis may 
indicate metal implants or screws.

The description indicates an increase in the size of both kidneys, with 
multiple cysts located at the cortical and peripelvic regions, making 
the kidney parenchyma indistinct. Cysts are also observed in the liver 
parenchyma. These findings are suggestive of autosomal dominant 
polycystic kidney disease.

Sigmoid colon 
carcinoma
(CT image)

The liver seems to be enlarged, which could indicate a 
possible abnormality.

In the sigmoid colon, there is a 5-cm mass with findings indicating 
malignancy, including concentric luminal narrowing, thickening of 
the colonic wall, and linear densities in the surrounding fatty tissue.

Giant renal 
angiomyolipoma
(MRI)

The liver has high signal intensity (white), indicating high fat 
content.

A large-sized mass is observed, originating from the lower pole of 
the kidney and extending anteromedially toward the pararenal area. 
The lesion contains macroscopic fat and contrast-enhancing regions. 
These findings are primarily suggestive of an angiomyolipoma.

Myoma uteri
(MRI) Some degree of osteoarthritis or postoperative changes in 

the knee joint.

A large-sized solid mass is observed, filling the uterine fundus 
and corpus and extending toward the cervix. The lesion appears 
predominantly low signal intensity on T2A images but contains 
heterogeneously high signal intensity areas. These findings are 
primarily suggestive of a myoma uteri (uterine fibroid).

Walled-off necrosis
(MRI)

The liver appears to be enlarged and there are multiple dark 
spots scattered throughout the liver. These could be signs of 
liver disease or cancer.

At the level of the pancreatic head-neck junction, the normal 
morphology of the pancreas is not visualized. Instead, there is a large 
lobulated thick-walled cystic lesion extending from the head and 
neck region to the body of the pancreas. The internal structure of 
the cystic lesion shows areas that could be indicative of debris. These 
findings are primarily suggestive of a walled-off necrosis. Minimal 
dilatation is observed in the pancreatic duct. Free fluid is observed in 
the perihepatic, right paracolic, and perisplenic spaces.

MRI, magnetic resonance imaging; CT, computed tomography.
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provided by Bing when giving its responses. 
Even when the responses are correct, the 
underlying explanations have sometimes 
contained incorrect information. Bing’s lack 
of proficiency in fundamental aspects of ra-
diological image interpretation, its use of 
incorrect contexts in both successful and 
unsuccessful cases, and its failures in inter-
preting pathological conditions all suggest a 
need for caution. This caution is particularly 
important when dealing with models such as 
Bing that have not been specifically trained 
for medical image interpretation. This spe-
cific training deficiency can be attributed to 
the model’s errors in tasks that go beyond 
basic ones. However, this does not necessar-
ily indicate a bleak future for LLMs in image 
interpretation. Although not yet published, 
it is expected that the performance of mod-
els specifically trained for medical purposes, 
such as BioBERT and Med-PaLM, will be high-
er.17,23 

Additionally, unlike the approach tak-
en by Ueda et al.24, where the analysis was 
based on both patient history and imaging 
findings, we chose not to provide any pa-
tient history information to Bing during the 
analysis of radiological images. Expecting ac-
curate diagnoses without this contextual in-
formation would be unjustifiable. However, 
the decision to exclude patient history was 
intentional, as providing such information 
might have led Bing to rely more on theoret-
ical knowledge than image analysis. There-
fore, we deliberately limited our study to the 
use of radiological images alone.

The significant success in detecting ab-
normalities involving the liver, including the 
identification of liver masses, is noteworthy. 
Pinpointing the exact reasons for this success 
may be challenging, but one possible factor 
could be the liver’s larger size compared 
with other organs. Another intriguing ob-
servation is the potential misinterpretation 
of sagittal images (where the spinal cord is 
visible) as head and neck images, presenting 
a unique finding. It is plausible that focusing 
on larger structures might lead to underesti-
mating other images. On the other hand, a 
study conducted by Cao et al.25 found that 
ChatGPT’s success rate in providing theoret-
ical radiological information related to liver 
cancer was relatively low.

This study has certain limitations due to its 
nature and the specific focus of our research. 
A significant limitation is that Bing currently 
allows only one image to be uploaded at a 
time, which presents a challenge. Radiolo-
gists often need to examine consecutive im-

ages from different planes to make accurate 
assessments. To address this limitation, we 
selected demonstrative images that effec-
tively highlight the imaging findings with 
the utmost clarity. Another significant limita-
tion that needs to be mentioned is prompt 
engineering, which is crucial for LLMs and 
can directly affect the output. Over time, var-
ious prompt techniques such as zero-shot 
prompting, few-shot prompting, instruction 
following, and chain-of-thought prompt-
ing have been developed. However, these 
prompts have been developed considering 
the text-based nature of the models.15-17,26,27 
For this study, the image upload feature was 
newly introduced at the time of the experi-
ment, and the lack of prompt engineering 
studies that could improve the quality of 
the output in terms of image analysis is also 
a limitation. Lastly, the limited sample size is 
another constraint of our study.

In conclusion, this study reveals that Mi-
crosoft Bing, utilizing ChatGPT-4 technolo-
gy, can achieve success in basic radiological 
tasks. However, further refinement and en-
hancement are essential to improve accura-
cy in recognizing imaging modalities, iden-
tifying specific imaging planes, interpreting 
imaging findings, and detecting abnormali-
ties. In the future, LLMs trained with medical 
data may demonstrate higher success rates 
compared with this study. This suggests a 
promising avenue for future research and 
development in this field.
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