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Abstract

Background: Intheevolving field of health care, multimodal generative artificial intelligence (Al) systems, such as ChatGPT-4
with vision (ChatGPT-4V), represent a significant advancement, as they integrate visual data with text data. Thisintegration has
the potential to revolutionize clinical diagnostics by offering more comprehensive analysis capabilities. However, the impact on
diagnostic accuracy of using image data to augment ChatGPT-4 remains unclear.

Objective: Thisstudy aimsto assess the impact of adding image data on ChatGPT-4's diagnostic accuracy and provide insights
into how image data integration can enhance the accuracy of multimodal Al in medical diagnostics. Specifically, this study
endeavored to compare the diagnostic accuracy between ChatGPT-4V, which processed both text and image data, and its
counterpart, ChatGPT-4, which only uses text data.

Methods: We identified atotal of 557 case reports published in the American Journal of Case Reports from January 2022 to
March 2023. After excluding cases that were nondiagnostic, pediatric, and lacking image data, weincluded 363 case descriptions
with their final diagnoses and associated images. We compared the diagnostic accuracy of ChatGPT-4V and ChatGPT-4 without
vision based on their ability to includethefinal diagnoseswithin differential diagnosislists. Two independent physicians evaluated
their accuracy, with athird resolving any discrepancies, ensuring arigorous and objective analysis.

Results: The integration of image datainto ChatGPT-4V did not significantly enhance diagnostic accuracy, showing that final
diagnoses were included in the top 10 differential diagnosis lists at a rate of 85.1% (n=309), comparable to the rate of 87.9%
(n=319) for the text-only version (P=.33). Notably, ChatGPT-4V’s performance in correctly identifying the top diagnosis was

inferior, at 44.4% (n=161), compared with 55.9% (n=203) for the text-only version (P=.002, x test). Additionally, ChatGPT-4's
self-reports showed that image data accounted for 30% of the weight in developing the differential diagnosis lists in more than
half of cases.

Conclusions: Our findings reveal that currently, ChatGPT-4V predominantly relies on textual data, limiting its ability to fully
usethe diagnostic potential of visual information. This study underscoresthe need for further devel opment of multimodal generative
Al systemsto effectively integrate and use clinical image data. Enhancing the diagnostic performance of such Al systemsthrough
improved multimodal data integration could significantly benefit patient care by providing more accurate and comprehensive
diagnostic insights. Future research should focus on overcoming these limitations, paving the way for the practical application
of advanced Al in medicine.
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Introduction

Diagnostic Excellence

Diagnostic excellence involves accurately and efficiently
diagnosing a wide range of conditions [1]. Achieving this
requires a multifaceted approach [2], including effective
collaboration among medical professionals, patients, families,
and clinical decision support systems (CDSSs). Each plays a
pivota role, as follows: medica professionals bring their
expertise and judgment, patients and families provide essential
health information and context, and CDSSs offer data-driven
insights, enhancing the collective decision-making process.

CDSSsfor Diagnostic Excellence

CDSSs are computer-based tools that assist medical
professionals in a wide range of clinical decisions, including
diagnosis, treatment planning, medication ordering, preventive
care, and patient education [3]. Research has shown that CDSS
interventions significantly improve diagnostic accuracy [4], a
key aspect of diagnostic excellence [5]. For instance,
interventions involving a CDSS in the diagnosis of common
chronic diseases demonstrated significant improvements [6].
Accurate diagnosis entails more than identifying a disease; it
involves understanding the patient’s unique health context,
ensuring timely and appropriate treatment, reducing
misdiagnosis risk, and ultimately improving patient outcomes
[7]. Intherapidly evolving health care environment, maintaining
high standards of diagnostic precision becomes increasingly
crucial.

Artificial Intelligencein Medicine

CDSSs are broadly categorized into 2 types [3]:
knowledge-based systems, which are grounded in medical
guidelines and expert knowledge; and non—knowledge-based
systems, using artificial intelligence (Al) or statistical pattern
recognition for clinical data analysis.

Theintegration of Al into clinical settingsisadvancing rapidly.
Al systems in medicine range from assisting in diagnostic
imaging and analysisto optimizing patient treatment plans[8,9].
These systems are being increasingly adopted in hospitals and
clinics [10], significantly contributing to enhanced diagnostic
accuracy and efficiency.

However, the integration of Al into clinical settings brings
transformative potential but also faces several hurdles.
Challenges include ensuring data privacy [11], addressing the
lack of large and diverse training data sets, and maintaining the
interpretability of Al-generated recommendationsto align with
ethical standards [12,13]. Red-world obstacles, such as
resistance from health care professionals due to trust issuesin
Al’s diagnostic suggestions, underscore the complexity of Al
integration into clinical practice.

https://medinform.jmir.org/2024/1/e55627

Advancementsin Large Language Models

A notable advancement in Al isthe use of large language models
(LLMs). Asasubset of non—knowledge-based systems, LLMs
are specialized forms of generative Al systemsthat processand
generate human-liketext based on extensive textual datatraining
[14]. They are adept at tasks like translation, summarization,
and even creative writing. In clinical practice, generative Al
systems using LLMs have shown promise in summarizing
patient history, integrating medical records, analyzing complex
data streams, and enhancing communication between patients
and medical professionals [15,16], demonstrating their utility
in handling complex medica language and concepts. Such
advancements not only improve the efficiency of medical
documentation but also offer novel approaches to generating
differential diagnoses, showcasing the innovative application
of LLMsinclinical settings.

Multimodal Artificial Intelligence in Diagnostics

Integrating multimodal data, including text and images, presents
technical challenges. Successful integration in other fields, such
as autonomous driving technol ogies that combine multisensory
observation data to navigate [17], offers a potential model for
health care. Recent developments in generative Al systems,
including Google Gemini (previous Google Bard [18]) and
ChatGPT-4 with vision (ChatGPT-4V), have enabled the
processing of both text and image data. This integration is
essential for providing a comprehensive clinical overview.
Although effectively combining datafrom different data sources
remainsachallenge, the development of multimodal Al models
that incorporate data across modalities enabled broad
applications that include personalized medicine and digital
health [19]. For example, amultimodal model developed from
the combination of images and health records could classify
pulmonary embolism [20]. Another multimodal model could
differentiate between common respiratory failure [21]. Among
publicly available generative Al systems, the ChatGPT series,
particularly ChatGPT-4V, developed by OpenAl and released
in September 2023, stands out [22,23]. It accepts both text and
image data [24,25], demonstrating impressive performance in
various applications.

Preliminary studiesin variousfields, including medicine [26-28]
and others [29-31] have shown the effectiveness of
ChatGPT-4V. Some of these studies have highlighted its efficacy
ininterpreting medical images[26,28], though they werelimited
in scope. However, clinical image data includes a wide range
of elements, from physical examinationsto variousinvestigation
results. The full impact of image dataintegration on diagnostic
accuracy is yet to be thoroughly explored.

Study Objectives

This study directly addressed the gaps identified in the current
understanding of multimodal Al’'s application in clinical
diagnostics. By comparing the diagnostic accuracy of
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ChatGPT-4V and without vision across detailed case reports,
and examining the impact of image data integration, we aimed
to provide concrete evidence on the value and challenges of
incorporating generative Al into clinical flows. Our objectives
were shaped by the need to better understand how multimodal
Al can be optimized to support diagnostic excellence, ultimately
contributing to the advancement of medical diagnosticsthrough
technology.

Figure 1. Study design.
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Methods

Overview

We conducted an experimental study to assess the diagnostic
accuracy of multimodal generative Al systems using datafrom
alarge number of casereports. This study was conducted inthe
Department of Diagnostic and Generalist Medicine (General
Internal Medicine) at Dokkyo Medical University. This study
involved severa steps. preparing the data set and control,
preparing image data, generating differential diagnosislists by
ChatGPT-4V, and evaluating the diagnostic accuracy of these
differential diagnosis lists. A flow chart of the study’s
methodology is presented in Figure 1.

N=557

Published case reports in American Journal of
Case Reports from January 2022 to March 2023

v
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Case reports for other than diagnosis: n=130
Patients younger than 10 years: n=35
Case reports without image data: n=29
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Case descriptions were checked by 2 physicians
and necessary updates were made
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Differential diagnosis lists generated by
ChatGPT-4 with vision as the intervention
n=363

Ethical Consider ations

This study used published case reports, and thus ethical
committee approval was not applicable.

Preparing Data Set and Control

We used the data set from our previous study (T Hirosawa, Y
Harada, K Mizuta, T Sakamoto, K Tokomasu, T Shimizu,
unpublished data, November 2023). The data set comprised
case descriptions and final diagnoses, sourced from the
American Journal of Case Reports, spanning January 2022 to
March 2023. This peer-reviewed journal covers diagnostically
challenging case reports from various medical fields. A total of
557 case reports were identified. The exclusion criteria were
carefully chosen based on previous studiesfor CDSSs[32] and
ChatGPT-4V [28] to ensure the focus remained on diagnostically
challenging adult cases with relevant image data. Specifically,
cases were excluded for the following reasons: nondiagnosis
(130 cases), patients younger than 10 years (35 cases), and the
absence of image data (29 cases). The included case reports
were refined into case descriptions by the primary researcher
(TH) and double-checked by another researcher (YH). From

https://medinform.jmir.org/2024/1/e55627

v

Differential diagnosis lists generated by
ChatGPT-4 without vision as the control
n=363

the included case reports, we extracted a case description until
the final diagnosis was made in the “case report” section. We
removed sentences that directly assessed the diagnosis to
minimize bias in generating differential diagnoses. This step
ensuresthat the differential diagnoses generated by ChatGPT-4
are based solely on the unbiased clinical presentation of the
case. After brush-up, we formatted these case descriptions for
input into ChatGPT-4. A typical case description included
demographic information, chief complaints, history of present
illness, results of physica examinations, and investigative
findingsleading to diagnoses. Thefinal diagnosesweretypically
determined by the authors of the case reports. For example, in
a case report titled “Levofloxacin-Associated Bullous
Pemphigoidin aHemodialysis Patient After Kidney Transplant
Failure” [33] we extracted from “A 27-year-old female with
hemodialysiswas admitted for evaluation of aworsening bullous
rash and shortness of breath over the last 3 days..” to
“...Although the swab PCR test for VZV and HSV was negative,
there was still concern about disseminated herpes zoster, asthe
patient was immunosuppressed” as a case description.
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Additionally, the final diagnosis was |levofloxacin-associated
bullous pemphigoid.

In the next step, we used ChatGPT-4 without vision to develop
the top 10 differential diagnosis lists based on the data of case
descriptions. Two expert physicians independently evaluated
whether the final diagnosis was included in the lists, and any
discrepancies were resolved through discussion. Therefore, the
differential diagnosis lists and data of physicians' evaluation
of thelistsfrom atotal of 363 case reports were included asthe
control in this study.

Preparing Image Data

All figures and tables of included case descriptions were
standardized to aresolution of 96 dots per inch in JPEG format
to balance detail with file size, facilitating efficient processing
by ChatGPT-4V without compromising the quality necessary
for accurate diagnostic inference. When multiple figures or
tables were present in a case description, they were compiled
into a single JPEG file, each annotated with a file number in
the upper-left corner. If image data exceeded the upload size
limit, the images were resized to half their origina size while
preserving image quality, using the Preview application (version
11.0; Apple Inc) on aMac computer.

Hirosawa et al

Generating Differential DiagnosisLists by
ChatGPT-4V

We used ChatGPT-4V, a multimodal generative Al system
developed by OpenAl, from October 30, 2023, to November 9,
2023. Additional training or reinforcement for diagnosis was
not performed. The prompt was constructed asfollows: “ I dentify
the top 10 suspected illnesses based on the attached files with
file namesindicated in the | eft upper corner of each image, and
the provided case description. List these illnesses using only
their names, without providing any reasoning AND describe
the proportion of the case description and the provided files to
develop your suspected illness list (case description + all files
= 100%): (copy and paste the case descriptions).” This design
was intended to explicitly guide ChatGPT-4V to not only
generate a list of possible diagnoses but also reflect on how
each type of datainfluenced its conclusions, providing insights
into the Al’s diagnostics process. Apart from the prompt and
file names, the text data input to ChatGPT-4V remained the
same as the control, ChatGPT-4 without vision. The first
generated list was used as the differential diagnosis list. The
chat history was cleared before entering each new case
description. Moreover, the data control settingsfor chat history
were disabled. The details of ChatGPT-4V and ChatGPT-4
without vision are shown in Table 1.

Table 1. The details of ChatGPT-4 with vision and ChatGPT-4 without vision in this study.

Details ChatGPT-4 with vision (intervention) [24] ChatGPT-4 without vision (control) [22]

Short name ChatGPT-4V ChatGPT-4

Prompt Identify the top 10 suspected ilinesses based on the attached  Tell me the top 10 suspected illnesses for the following
fileswith file names indicated in the left upper corner of  case: (copy and paste the case descriptions)
each image, and the provided case description. List these
illnesses using only their names, without providing any
reasoning AND describe the proportion of the case descrip-
tion and the provided filesto devel op your suspected illness
list (case description + al files =100%): (copy and paste
the case descriptions)

Text input Same case descriptions with the above prompt and referred  Same case descriptions with the above prompt
file number

Image input Image datain JPEG format with aresolution of 96 dotsper No image data
inch

Output The top 10 differential diagnosislistsand the proportion  The top 10 differential diagnosislists
of weight between text data and image data contributing
to development of the differential diagnosis list

Evaluations By 2 independent physicians; any discrepancieswerere- By 2 independent physicians; any discrepancies were re-
solved by another physician solved by another physician

Release date September 2023 March 2023

Access date From October 30, 2023, to November 9, 2023 From June 22, 2023, to June 29, 2023

Datacontrol for chat history ~ Off

Off

Evaluation for Differential Diagnosis Lists by
Physicians

Two expert physicians, Tl and T Suzuki, independently
evaluated whether the final diagnoses were included in the
differential diagnosis lists. The evaluation was binary, with 1
indicating inclusion and O indicating exclusion. A score of 1
indicated that the differential closely matched the final

https://medinform.jmir.org/2024/1/e55627

diagnoses. This close match was defined not merely by the
presence of the correct diagnosis within the list but by the
relevance and clinical appropriateness of the differentials in
relation to the final diagnosis. A score of 1 indicated that
Al-generated differentials were clinically relevant and could
potentially lead to appropriate interventions, thereby aligning
with patient safety and standards[34]. Additionally, evaluators
ranked the match of differential to the final diagnoses.
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Conversely, ascore of 0 was given if the differential diagnosis
list significantly differed from the final diagnosis, indicating a
lack of clinica relevance or potential misdirection in a
real-world diagnostic scenario. Any discrepancieswere resolved
by another expert physician (KT), ensuring objective and
consistent evaluation across all included case reports.

Outcome

The study assessed the diagnostic accuracy of ChatGPT-4V, as
an intervention and compared it to ChatGPT-4 without vision
as a control. The primary outcome was defined as the ratio of
cases where the final diagnoses were included within the top
10 differential diagnosislists. The secondary outcomeisdefined
astheratio of caseswhere thefinal diagnoseswere included as
top diagnosis. These outcomes were chosen to quantitatively
measure diagnostic accuracy and the effectiveness of image
dataintegration in enhancing ChatGPT-4's diagnostics.

Additionally, we assessed the contributing weight between text
data (case descriptions) and image data (files) in developing the
differential diagnosis lists, as reported by ChatGPT-4V. The
total contribution from both elements was set to 100%.
Specifically, we analyzed how much the text and image data
individually contributed to the formulation of the differential
diagnosis list. For example, if the text data (case description)
contributed 60% and the image data contributed 40%, the total
would sum up to 100%. This method alowed for a
comprehensive understanding of the relative impact of textual
and image data on Al diagnostics.

Statistical Analysis

For analysis, R (version 4.2.2; R Foundation for Statistical
Computing) was used. We present continuous variables as
medians and |QRsto accurately reflect the distribution of data.
We presented categorical or binary variables as numbers and
percentages. Additionally, we used X? tests to compare
categorical variables, setting the significance level at aP value

https://medinform.jmir.org/2024/1/e55627
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<.05. The choice of X? tests for comparing categorical variables
was based on their ability to handle binary and categorical data
effectively, providing arobust measure of association between
diagnostic outcomes and ChatGPT-4 with or without vision.

To quantify the impact of each factor on the likelihood of
accurate diagnosis inclusion, an univariable logistic regression
model was applied. This model alows for the exploration of
potential predictors of diagnostic accuracy, offering insights
into how different data types contribute to ChatGPT-4's
diagnostic processes. For the logistic regression model, the
primary and secondary outcomes were treated as binary
dependent variables: presence (1) or absence (0) of the correct
diagnosis within the top 10 differential diagnosis lists and as
the top diagnosis, respectively. Independent variables included
the proportion of image dataweight, the presence (1) or absence
(O) of specific types of image data (eg, computed tomography
[CT] images, pathological specimens, laboratory data, magnetic
resonance imaging [MRI] scans, and X-ray images), and the
number of characters in the text data. Odds ratios (ORs) and
associated 95% Cls were used to estimate the relative risks of
potential predictors of the final diagnosis included within the
top 10 differential diagnosis lists in the univariable logistic
regression model.

Results

Case Descriptions and | mage Data Profile

A total of 363 case descriptions with additional image data,
such asfigures or tables, wereincluded. ChatGPT-4V generated
the differential diagnosis lists for al case descriptions.
Representative final diagnosis, image data, and differential
diagnosis lists generated by ChatGPT-4V and ChatGPT-4
without vision are shown in Table 2. The casesincluded in this
study, along with the differential diagnosis lists generated by
ChatGPT-4V and without vision, are shown in Multimedia
Appendix 1.
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Table2. Representativefinal diagnoses, image data, and differential diagnosislists generated by ChatGPT-4 with vision and ChatGPT-4 without vision.

Final diagnoses ~ ChatGPT-4 with vision (intervention) ChatGPT-4 without vision (control)
Image data Image data Differential diagnosislists Differential diagnosislists
weight?® %
Olanzapineintox- Laboratory data  20% 1. Hospita-acquired pneumonia 1. Zolpidem overdose or prolonged effect
ication 2. Sepsis 2. Benzodiazepine overdose
3. Acutekidney injury 3. Olanzapine overdose or side effect
4. Respiratory failure 4. Interaction between zolpidem and olanzapine
5. Intensive care unit delirium 5. Dédirium
6. Hypotension 6. Other drug overdose
7. Opioid intoxication 7. Severesepsis
8. Benzodiazepine intoxication 8. Neuroleptic malignant syndrome
9. Hyperglycemia 9. Acute cholinergic crisis
10. Cardiovascular complicationsaf- 10. Acute stroke
ter surgery
Secondary Laboratory data  40% 1. Osteoarthritis 1.  Secondary syphilis
syphilis and X-ray images 2. Rheumatoid arthritis 2. Reactive arthritis
3. Gout 3. Rheumatoid arthritis
4. Pseudogout 4. Osteoarthritis
5. Systemic lupus erythematosus 5. Gout/pseudogout
6. Psoridtic arthritis 6. Psoriatic arthritis
7. Reactive arthritis 7. Lymedisease
8. Osteoporosis 8. Systemic lupus erythematosus
9. Septic arthritis 9. Infectious arthritis
10. Ankylosing spondylitis 10. Vasculitis(eg, granulomatosiswith polyangiitis
and microscopic polyangiitis)
Sarcomatoid car- Computedtomog- 30% 1. Colorecta cancer 1. Colorectd carcinoma
cinoma raphy image and 2. Adenocarcinoma of the colon 2. Metastatic malignancy to the colon
pathological 3. Malignant mesothelioma 3. Peritonea mesothelioma
specimens 4. Gastrointestinal stromal tumor 4. Sarcomatoid carcinoma
5. Carcinoid tumor of theappendix 5. Malignant mixed Mullerian tumor (carcinosar-
6. Lymphoma coma)
7. Desmoid tumor 6. Gastrointestinal stromal tumor
8. Metastatic carcinoma 7. Leiomyosarcoma
9. Leiomyosarcoma 8. Colonic lymphoma
10. Neuroendocrine tumor of the 9. Malignant peripheral nerve sheath tumors
colon 10. Undifferentiated/unclassified malignancies

#The proportion of image dataweight contributing to development of the differential-diagnosis lists.

Among these, the 25th percentile, median, and 75th percentile
number of charactersin thetext datawere 1971, 2683, and 3442,
respectively. The maximum and minimum number of characters
in text data were 7148 and 465, respectively. Regarding image
data, CT images, pathological specimens, laboratory data, MRI
scans, and X-ray imageswereincluded in 163, 124, 98, 77, and
70 case descriptions, respectively. The details of image dataare
shown in Multimedia Appendix 2.

https://medinform.jmir.org/2024/1/e55627
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Diagnostic Performance

For the primary outcome, the rate of final diagnoses within the
top 10 differential diagnosis lists generated by ChatGPT-4V
was 85.1% (n=363), compared with 87.9% (n=363) by
ChatGPT-4 without vision (P=.33). For the secondary outcome,
the rate of final diagnoses as the top diagnoses generated by
ChatGPT-4V was 44.4% (n=363), inferior to 55.9% (n=363)
by ChatGPT-4 without vision (P=.002). Figure 2 showstherate
of final diagnoses within the top 10 differential diagnosis lists
and asthetop diagnoses generated by ChatGPT-4V and without
vision.
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Figure 2. Therate of final diagnoses within the top 10 differential diagnosis lists and as the top diagnoses generated by ChatGPT-4 with vision and

without vision.

1
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80 '

60

40

20

Percentage of Final Diagnoses Identified within

Top 10 Diffrential Diagnosis Lists

The Contributing Weight Between Text and Image
Data in Developing the Differential Diagnosis Lists

The 25th percentile, median, and 75th percentile proportions
of image data weight contributing to the development of the
differential diagnosis lists were 30%, 30%, and 40%,
respectively, indicating a consistent reliance on image data
across a significant portion of cases. The maximum and
minimum proportion of image data weight contributing to the

Dot pattern: ChatGPT-4 with vision
Solid: ChatGPT-4 without vision

P=.002
55.9

44.4

Percentage of Final Diagnoses as the Top
Diagnosis

development of the differential diagnosis lists were 80% and
0%, respectively, highlighting the wide range of reliance on
image data across different case reports. Specifically, in 190
case descriptions of thetotal 363 included case reports (190/363,
52.3%), the proportion of image data weight contributing to the
development of thelistswas reported to be 30%. Figure 3 shows
the proportion of image data weight contributing to the
development of the differential diagnosislists.

Figure 3. The proportion of image data weight contributing to the development of the differential diagnosis lists by ChatGPT-4 with vision.
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The ORs of Variablesfor Predicting the Outcomes

Laboratory data independently predicted the inclusion of the
final diagnoses within the top 10 differential diagnosislists by
ChatGPT-4V: OR 0.52 (95% CI 0.29-0.97; P=.03). Additionally,
MRI scanswere al so found to beindependent predictive factors:
OR3.87(95% Cl 1.51-13.11; P=.01). Theseresultswere derived
from univariable logistic regression models. Other variables,
including the proportion of image data weight contributing to
the development of the differential diagnosis lists, CT images,

Hirosawa et al

pathological specimens, X-ray images, and the number of
characters in text data, were not associated with the final
diagnosesincluded within the top 10 differential diagnosislists
by ChatGPT-4V, as shown in Figure 4.

Additionally, MRI scans (OR 1.93, 95% CI 1.16-3.22; P=.01)
were independent predictive factors for the final diagnoses as
top diagnoses by ChatGPT-4V. Other variables were not
associated with the secondary outcome, as shown in Figure 5.

Figure 4. Odds ratios of variables for predicting the final diagnoses included within the top 10 differential diagnosis lists by ChatGPT-4 with vision
in univariable regression model. P values are derived from the univariable logistic regression model. CT: computed tomography; MRI: magnetic

resonance imaging.
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Figure 5. Odds ratios of variables for predicting the final diagnoses as top diagnoses by ChatGPT-4 with vision in univariable regression model. P
values are derived from the univariable logistic regression model. CT: computed tomography; MRI: magnetic resonance imaging.
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Discussion

Principal Results

Thisstudy showed severa key findings regarding the diagnostic
capabilities of ChatGPT-4 with and without vision. The
incorporation of image data into ChatGPT-4V did not yield a
significant improvement in diagnostic accuracy compared with
that without vision. This was evident in the rates of fina
diagnoseswithin thetop 10 differential diagnosislists generated
by ChatGPT-4V, where ChatGPT-4 without vision actualy
demonstrated comparable performance. Conversely, the rate of
final diagnoses asthe top diagnoses generated by ChatGPT-4V
wasinferior to that without vision. While ChatGPT-4V accepts
a wide range of medical images, from physical examinations
to various investigation results, its potential to enhance
diagnostic accuracy appears underused. This underuse of image
processing capabilities could be attributed to the current Al
model’slimitationsin processing and integrating complex image
data with textual data. Additionally, the Al system’s training
regimen, which might have emphasized text data over image
data, could have resulted in a bias toward text-based analysis.
Future iterations of Al systems should focus on enhancing the
model’s ability to discern and integrate key diagnostic features
from both text and images.

In the univariable logistic regression model, these findings
suggest that whiletheintegration of image databy ChatGPT-4V
did not uniformly improve diagnostic accuracy acrossall cases,
specific types of image data, particularly MRI scans, play a
crucia role in certain diagnostic contexts. MRI scans were
associated with significantly higher rates of primary and
secondary outcomes. Conversely, laboratory data were
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associated with significantly lower rates of the primary outcome.
These results suggest that MRI scans are typically focused on
specific body locationsto target particular organs. For example,
the inclusion of brain MRI scans led ChatGPT-4V to focusits
differential diagnoses on cerebral diseases. The characteristics
of MRI scans to focus on anatomical regions could be used to
enhance the diagnostic performance of ChatGPT-4V in
identifying specific conditions. Moreover, the laboratory data,
often presented in tables, typically cover a broader spectrum of
information than the case descriptions. For instance, in the case
of infectious diseases with elevated blood glucose levelswhich
were included only in the table, ChatGPT-4V considered
hyperglycemic condition in addition to the final diagnoses.
Incorporating additional |aboratory datainto thetextual analysis
could broaden the differential diagnosis lists, potentialy
reducing the primary outcome. Thelogistic regression analysis
thus provides valuable insights into how different data formats
influence the Al's diagnostic capabilities, guiding future
improvementsin Al design and training to better leverage these
inputs.

Focusing on the proportion of image data weight contributing
to the development of the differential diagnosislists, a notable
observation emergesregarding ChatGPT-4V'sreliance. In more
than half of the outputs, image data accounted for 30% of the
weight in devel oping the differential diagnosislists. Thisfinding
leads us to consider the system’s internal decision-making
process. It is important to consider that the accuracy of the
proportion of image data weight in representing the actual
process of integrating text and image input in ChatGPT-4V
remains uncertain. Despite the consideration, the proportion of
image data weight further indicates adominant dependence on
text data. It raises the possibility that ChatGPT-4V may not be
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integrating text and image inputs in a balanced way. The
implication hereisthat even with its capability to processimage
data, the system’s diagnostic output might still be mainly
influenced by text data.

Given these findings, this unexpected outcome leads us to
question why additional image data did not contribute to
improvements in diagnostic accuracy. Exploring the reasons
behind these results, one plausible explanation emerges related
to the potential biasesin ChatGPT-4V's use of image data. The
biases would be rooted in its training regimen. Rather than
aiding in diagnosis, thisimage data could introduce complexity,
leading ChatGPT-4V to rely more on text-based analysis and
less on visual clues.

This study highlights the challenges in harnessing the full
potential of multimodal Al in medical diagnostics. Thefindings
indicate that despite the advanced capabilities of ChatGPT-4V,
its integration of image data is not yet optimizing diagnostic
outcomes. Thiswould be partly because of the system’sinherent
design and training, which could predispose it to prioritize text
over image data, despite the latter’s potential richnessin clinical
information. This revelation is crucial for the ongoing
development of Al in health care, highlighting a pivotal area
for improvement. As Al continues to evolve, focusing on the
harmoniousintegration of text and image datawill be essential.
This study pavestheway for futureinnovations, guiding efforts
to refine multimodal Al systems for more accurate, efficient,
and reliable medical diagnostics. Future research should
particularly explore the development of more sophisticated
methods for image analysis and the optimization of multimodal
dataintegration, aiming to improve the current reliance on text
data and enhance the diagnostic power of Al in health care
settings.

Thefindingsfrom our study also raiseimportant considerations
for the practical application of Al in heath care. While Al
systems like ChatGPT-4V hold promise for supporting clinical
decision-making, their current limitations necessitate a cautious
approach to integration into clinical workflows. For instance,
Al could serve as a supporting tool for preliminary analysis,
helping triage or providing a second opinion in diagnostic
challenges, thereby augmenting the expertise of health care
professional s rather than replacing it. Health care professionals
should be aware of these systems’ strengths and weaknesses,
leveraging them as support toolsrather than definitive diagnostic
solutions.

Limitations

Therewere severa limitationsin this study. A major limitation
of our study was the reliance on selected image data excerpted
from case reports [35], rather than whole slices of image data
from clinical settings. This limitation partly arose because the
current ChatGPT-4V can only process partial dlices of image
data[27]. Thisapproach, while necessary for concise reporting
in cases, may not accurately reflect the complexity and
variability encountered in real-world clinical practice. Moreover,
we excluded video files. Although generative Al systems
currently do not accept video files, their inclusion could
potentially improve diagnostic accuracy. Future research should
exploreincorporating more comprehensive image data setsand
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video data, technol ogies permitting, to enhancethe Al system’s
diagnostic capabilities. Furthermore, the study’s reliance on
dataderived from case reports may not encompassthe diversity
of real-world clinical scenarios [36]. The specificity of data
sources inevitably impacts the generalizability of our findings,
highlighting a significant challenge in extending our results to
different health care settings and populations. Future studies
should consider including complete data from real-patient
scenarios with various situations.

Beyond these specific limitations, our study underscores broader
concerns regarding the integration of Al in health care,
particularly the potentia bias inherent in the data sets used to
train generative Al systems like ChatGPT-4. These biases may
impact the generalizability of the Al’sdiagnostic and predictive
capabilities across diverse populations and clinical settings. The
absence of regulatory approval for generative Al systems in
clinical practice further complicates their potential adoption,
whileinconsistenciesin ChatGPT-4V interpretations of medical
imaging underscore the current limitations of thesetechnologies
in performing medical functions[25].

Furthermore, the interpretability and explainability of
Al-generated diagnoses remain significant hurdles [16]. The
deployment of Al in health care settings also raises practical
challengesrelated to the training of health care professionalsin
Al use and the integration of Al tools into existing clinical
workflows. Ensuring that health care workers are adequately
prepared to interpret Al-generated insights and make informed
decisions is crucia for the successful adoption of Al
technologies.

Last, the rapid evolution of Al technology presents unique
challenges, as advancements may quickly outpace the findings
of our study. The pace at which Al technologies evolve means
that our conclusions may become outdated as new capabilities
emerge. Thishighlightstheimportance of ongoing research and
adaptation in the field of Al and health care, ensuring that
studies remain relevant and that Al tools are continualy
evaluated and updated to reflect the latest technological
advancements.

Comparison With Prior Work

Compared with a previous preliminary study for ChatGPT-4V,
this study showed higher performance. The previous study
assessed the proficiency of ChatGPT-4V for selected medical
images from open-source libraries and repositories [27]. The
study reported that only 21.7% (n=15) of cases were correctly
interpreted with the correct advice. Thisinconsistency was partly
because of the methodol ogical differences between the 2 studies,
particularly in terms of data set preparation and evaluation
criteria. While the previous study mainly focused on alimited
data set with simple prompts and evaluated the system's
interpretation and medical advice quality, our study introduced
a more comprehensive data set with a rich clinical context.
Additionally, we evaluated the diagnostic accuracy, rather than
merely assessing interpretation and advice, thereby providing
a deeper insight into the Al system’s utility in clinical
decision-making.

JMIR Med Inform 2024 | val. 12 | €55627 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Another study evaluated the performance of ChatGPT-4V for
selected clinical cases from the website, including image data
[26]. The study showed that ChatGPT-4V heavily relies on the
patients medical history. This result was consistent with this
study that additional image data did not improve the diagnostic
accuracy. The result was also consistent with this study that
approximately half of the outputs reported that the proportion
of image data weight contributing to the development of the
differential diagnosis lists was 30%.

A critical distinction between our study and previous worksis
our comparative analysis of ChatGPT-4 with and without vision
capabilities. This unique approach allowed us to highlight the
impact of image data on diagnostic accuracy, revealing that
while ChatGPT-4's vision component does not significantly
enhance diagnostic accuracy, it does not detract from it either.
Thisfinding is crucial for understanding the role of integrated
image datain Al-assisted diagnosis and highlights the potential
of Al systemsto support health care professional s by providing
a comprehensive analysis that includes both text and image
data

Conclusions

The rates of final diagnoses within the differential diagnosis
listsgenerated by ChatGPT-4V did not show improvement over
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