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diagnostic performance comparison
between generative Al and physicians

M| Check for updates

Hirotaka Takita', Daijiro Kabata?, Shannon L. Walston ® ', Hiroyuki Tatekawa', Kenichi Saito*,
Yasushi Tsujimoto®®, Yukio Miki' & Daiju Ueda ® '

While generative artificial intelligence (Al) has shown potential in medical diagnostics, comprehensive
evaluation of its diagnostic performance and comparison with physicians has not been extensively
explored. We conducted a systematic review and meta-analysis of studies validating generative Al
models for diagnostic tasks published between June 2018 and June 2024. Analysis of 83 studies
revealed an overall diagnostic accuracy of 52.1%. No significant performance difference was found
between Al models and physicians overall (o = 0.10) or non-expert physicians (p = 0.93). However, Al
models performed significantly worse than expert physicians (o = 0.007). Several models
demonstrated slightly higher performance compared to non-experts, although the differences were
not significant. Generative Al demonstrates promising diagnostic capabilities with accuracy varying by
model. Although it has not yet achieved expert-level reliability, these findings suggest potential for

enhancing healthcare delivery and medical education when implemented with appropriate

understanding of its limitations.

In recent years, the advent of generative artificial intelligence (AI) has
marked a transformative era in our society' . These advanced computa-
tional systems have demonstrated exceptional proficiency in interpreting
and generating human language, thereby setting new benchmarks in AT’s
capabilities. Generative A, with its deep learning architectures, has rapidly
evolved, showcasing a remarkable understanding of complex language
structures, contexts, and even images. This evolution has not only expanded
the horizons of AI but also opened new possibilities in various fields,
including healthcare’.

The integration of generative AI models in the medical domain has
spurred a growing body of research focusing on their diagnostic capabilities™.
Studies have extensively examined the performance of these models in
interpreting clinical data, understanding patient histories, and even sug-
gesting possible diagnoses'"”. In medical diagnosis, the accuracy, speed, and
efficiency of generative AT models in processing vast amounts of medical
literature and patient information have been highlighted, positioning them as
valuable tools. This research has begun to outline the strengths and limita-
tions of generative AI models in diagnostic tasks in healthcare.

Despite the growing research on generative Al models in medical
diagnostics, there remains a significant gap in the literature: a compre-
hensive meta-analysis of the diagnostic capabilities of the models, followed
by a comparison of their performance with that of physicians. Such a
comparison is crucial for understanding the practical implications and
effectiveness of generative AI models in real-world medical settings. While
individual studies have provided insights into the capabilities of generative
Al models™", a systematic review and meta-analysis are necessary to
aggregate these findings and draw more robust conclusions about their
comparative effectiveness against traditional diagnostic practices by
physicians.

This paper aims to bridge the existing gap in the literature by con-
ducting a meticulous meta-analysis of the diagnostic capabilities of gen-
erative Al models in healthcare. Our focus is to provide a comprehensive
diagnostic performance evaluation of generative AI models and compare
their diagnostic performance with that of physicians. By synthesizing the
findings from various studies, we endeavor to offer a nuanced under-
standing of the effectiveness, potential, and limitations of generative AI
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models in medical diagnostics. This analysis is intended to serve as a
foundational reference for future research and practical applications in the
field, ultimately contributing to the advancement of Al-assisted diagnostics
in healthcare.

Results

Study selection and characteristics

We identified 18,371 studies, of which 10,357 were duplicates. After
screening, 83 studies were included in the meta-analysis' ™ (Fig. 1 and
Table 1). The most evaluated models were GPT-4° (54 articles) and GPT-
3.5” (40), while models such as GPT-4V** (9), PaLM2’ (9), Llama 2’ (5),
Prometheus (4), Claude 3 Opus (4)”, Gemini 1.5 Pro (3)*’, GPT-40 (2)”,
Llama 3 70B (2)*, Claude 3 Sonnet (2)*, and Perplexity (2) had less
representation. Each other model, including Aya'”, Claude 2'”", Claude 3.5
Sonnet'”, Clinical Camel'”, Gemini 1.0'", Gemini 1.0 Pro'”!, Gemini 1.5
Flash®, Gemini Pro, Glass'”, GPT-3°, Llama 3 8B”, Med-42'",
MedAlpaca'”’, Meditron'”, Mistral 7B'”, Mistral Large, Mixtral8x22B'",
Mixtral8x7B""’, Nemotron'"!, Open Assistant'?, WizardLM'", was used in
only one article. Details of each model are in Supplementary Table 1
(online). The review spanned a wide range of medical specialties, with
General medicine being the most common (27 articles). Other specialties
like Radiology (16), Ophthalmology (11), Emergency medicine (8), Neu-
rology (4), Dermatology (4), Otolaryngology (2), and Psychiatry (2) were
represented, as well as Gastroenterology, Cardiology, Pediatrics, Urology,
Endocrinology, Gynecology, Orthopedic surgery, Rheumatology, and
Plastic surgery with one article each. Regarding model tasks, free text tasks
were the most common, with 73 articles, followed by choice tasks at 15. For
test dataset types, 59 articles involved external testing, while 25 were
unknown because the training data for the generative Al models was
unknown. Of the included studies, 71 were peer-reviewed, while 12 were
preprints. Study characteristics are shown in Table 1 and Supplementary
Table 2 (online). Seventeen studies compared the performance of generative
AT models with that of physicians®®***3*>72747377785081905  GPT-4 (11 arti-
cles) and GPT- 3.5 (11) were the most frequently compared with physicians,
followed by GPT-4V (3), Llama 2 (2), Claude 3 Opus (1), Claude 3 Sonnet

(1), Claude 3.5 Sonnet (1), Clinical Camel (1), Gemini 1.0 (1), Gemini 1.5
Flash (1), Gemini 1.5 Pro (1), Gemini Pro (1), GPT-40 (1), Llama 3 70B (1),
Meditron (1), Mistral Large (1), Open Assistant (1), PaLM2 (1), Perplexity
(1), Prometheus (1), and WizardLM (1).

Quality assessment

Prediction Model Study Risk of Bias Assessment Tool (PROBAST)
assessment led to an overall rating of 63/83 (76%) studies at high risk of bias,
20/83 (24%) studies at low risk of bias, 18/83 (22%) studies at high concern
for generalizability, and 65/83 (78%) studies at low concern for
generalizability'"* (Fig. 2). The main factors of this evaluation were studies
that evaluated models with a small test set and studies that cannot prove
external evaluation due to the unknown training data of generative Al
models. Detailed results are shown in Supplementary Table 2 (online).

Meta-analysis
The overall accuracy for generative Al models was found to be 52.1% with a
95% CI of 47.0-57.1%. The meta-analysis demonstrated no significant
performance difference between generative AI models overall and physi-
cians (physicians’ accuracy was 9.9% higher [95% CI: —2.3 to 22.0%],
p=0.10) and non-expert physicians (non-expert physicians’ accuracy was
0.6% higher [95% CI: —14.5 to 15.7%], p = 0.93), whereas generative Al
models overall were significantly inferior to expert physicians (difference in
accuracy: 15.8% [95% CI: 4.4-27.1%], p = 0.007, Fig. 3). Interestingly, sev-
eral models, including GPT-4, GPT-40, Llama3 70B, Gemini 1.0 Pro,
Gemini 1.5 Pro, Claude 3 Sonnet, Claude 3 Opus, and Perplexity, demon-
strated slightly higher performance compared to non-experts, although the
differences were not significant. GPT-3.5, GPT-4, Llama2, Llama3 8B,
PaLM2, Mistral 7B, Mixtral8x7B, Mixtral8x22B, and Med-42 were sig-
nificantly inferior when compared to expert physicians, whereas GPT-4V,
GPT-4o0, Prometheus, Llama 3 70B, Gemini 1.0 Pro, Gemini 1.5 Pro, Claude
3 Sonnet, Claude 3 Opus, and Perplexity demonstrated no significant dif-
ference against experts.

In our meta-regression, we also found no significant difference in
performance between general medicine and various specialties, except for
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Fig. 2 | Summary of Prediction Model Study Risk
of Bias Assessment Tool (PROBAST) risk of bias.
Assessment for generative AI model studies inclu-
ded in the meta-analysis (N = 83). The participants
and the outcome determination were pre-
dominantly at low risk of bias, but there was a high
risk of bias for analysis (76%) and the overall eva-
luation (76%). Overall applicability and applicability
for participants and outcomes are predominantly of
low concern, with 22% at high concern.
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Urology and Dermatology, where significant differences were observed (p-
values < 0.001, Fig. 4). While medical-domain models demonstrated a
slightly higher accuracy (mean difference = 2.1%, 95% CI: —28.6 to 24.3%),
this difference was not statistically significant (p = 0.87). In the analysis of
the low risk of bias subgroup, generative Al models overall demonstrated no
significant performance difference compared to physicians overall
(p =0.069). Evaluating only studies with a low overall risk of bias showed
little change compared to the full dataset results. No significant difference
was observed based on the risk of bias (p =0.92) or based on publication
status (p = 0.28). We assessed publication bias by using a regression analysis
to quantify funnel plot asymmetry (Supplementary Fig. 1 [online]), and it
suggested a risk of publication bias (p = 0.045). In the heterogeneity analysis,
the R* values (amount of heterogeneity accounted for) were 45.2% for all
studies and 57.1% for the studies with a low overall risk of bias, indicating
moderate levels of explained variability.

Discussion

In this systematic review and meta-analysis, we analyzed the diagnostic
performance of generative Al and physicians. We initially identified 18,371
studies, ultimately including 83 in the meta-analysis. The study spanned
various Al models and medical specialties, with GPT-4 being the most
evaluated. Quality assessment revealed a majority of studies at high risk of
bias. The meta-analysis showed a pooled accuracy of 52.1% (95% CIL:
47.0-57.1%) for generative Al models. Some generative AI models showed
comparable performance to non-expert physicians although no significant
performance difference was found (difference in accuracy: 0.6% [95% CI:
—14.5t0 15.7%], p = 0.93). In contrast, Al models overall were significantly
inferior to expert physicians (difference in accuracy: 15.8% [95% CIL:
4.4-27.1%], p = 0.007). Our analysis also highlighted no significant differ-
ences in effectiveness across most medical fields. To the best of our
knowledge, this is the first meta-analysis of generative AI models in diag-
nostic tasks. This comprehensive study highlights the varied capabilities and
limitations of generative Al in medical diagnostics.

The meta-analysis of generative AT models in healthcare reveals crucial
insights for clinical practice. Despite the overall modest accuracy of 52% for
generative Al models in medical applications, this suggests its potential
utility in certain clinical scenarios. Importantly, the similar performance of
generative Al models such as GPT-4, GPT-40, Llama3 70B, Gemini 1.0 Pro,
Gemini 1.5 Pro, Claude 3 Sonnet, Claude 3 Opus, and Perplexity to phy-
sicians in non-expert scenarios highlights the possibility of AI augmenting
healthcare delivery in resource-limited settings or as a preliminary diag-
nostic tool, thereby potentially increasing accessibility and efficiency in
patient care'”. Further analysis revealed no significant difference in per-
formance between general medicine and various specialties, except for
Urology and Dermatology. These findings suggest that while there was some

variation in performance across different specialties, generative Al has a
wide range of capabilities. However, caution is needed when interpreting the
results for Urology and Dermatology. The Urology result is based on a large
single study, which may limit its generalizability. Regarding Dermatology,
the superior performance may be attributed to the visual nature of the
specialty, which aligns well with AI's strengths in pattern recognition.
However, it’s important to note that Dermatology involves complex clinical
reasoning and patient-specific factors that go beyond visual pattern recog-
nition. Further research is needed to elucidate the factors contributing to
these specialty-specific differences in generative AI performance.

The studies comparing generative Al and physician performance
also offer intriguing perspectives in the context of medical education'".
At present, the significantly higher accuracy of expert physicians
compared to Al models overall emphasizes the irreplaceable value of
human judgment and experience in medical decision-making. How-
ever, the comparable performance of current generative AI models to
physicians in non-expert settings reveals an opportunity for integrat-
ing Al into medical training. This could include using Al as a teaching
aid for medical students and residents, especially in simulating non-
expert scenarios where AT’s performance is nearly equivalent to that of
healthcare professionals'’. Such integration could enhance learning
experiences, offering diverse clinical case studies and facilitating self-
assessment and feedback. Additionally, the narrower performance gap
between some generative AI models and physicians, even in expert
settings, suggests that AI could be used to supplement advanced
medical education, helping to identify areas for improvement and
providing supporting information. This approach could foster a more
dynamic and adaptive learning environment, preparing future medical
professionals for an increasingly digital healthcare landscape.

To examine the impact of the overall risk of bias, we conducted a
subgroup analysis of studies with a low overall risk of bias. The result of
studies with a low overall risk of bias showed little change compared to that
of the full dataset. This result suggests that the high proportion of studies
with high overall risk of bias does not substantially affect our study’s findings
or generalizability. While many generative Al models do not disclose details
of their training data, the transparency of training data and its collection
period is paramount. Without this transparency, it is impossible to deter-
mine whether the test dataset is an external dataset or not and this can lead to
bias. Transparency ensures an understanding of the model’s knowledge,
context, and limitations, aids in identifying potential biases, and facilitates
independent replication and validation, which are fundamental to scientific
integrity. As generative Al continues to evolve, fostering a culture of rig-
orous transparency is essential to ensure its safe, effective, and equitable
application in clinical settings', ultimately enhancing the quality of
healthcare delivery and medical education.
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Fig. 3 | Comparison results between models and
physicians. This figure demonstrates the differences
in accuracy between various AI models and physi-
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cians. It specifically compares the performance of Al
models against the overall accuracy of physicians, as
well as against non-experts and experts separately.
Each horizontal line represents the range of accuracy
differences for the model compared to the physician
category. The percentage values displayed on the
right-hand side correspond to these mean differ-
ences, with the values in parentheses providing the
95% confidence intervals for these estimates. The
dotted vertical line marks the 0% difference
threshold, indicating where the model’s accuracy is
exactly the same as that of the physicians. Positive
values (to the right of the dotted line) suggest that the
physicians outperformed the model, whereas nega-
tive values (to the left) indicate that the model was
more accurate than the physicians.
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The methodology of this study, while comprehensive, has limitations.
The generalizability of our findings warrants careful consideration. Our
heterogeneity analysis revealed moderate levels of explained variability,
suggesting that while our meta-regression model accounts for a substantial
portion of the differences between studies, other factors not captured in our
analysis may influence generative Al performance. Furthermore, the lack of

demographic information in many included studies limits our ability to
assess the generalizability of these findings across diverse populations and
geographic regions. The performance of generative AI may vary con-
siderably depending on the demographic characteristics and healthcare
contexts represented in their training data. Although our meta-analysis
shows no significant difference between the pooled accuracy of models and
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Fig. 4 | Generative Al performance among spe-
cialties. This figure demonstrates the differences in
accuracy of generative Al models for specialties.
Each horizontal line represents the range of accuracy
differences between the specialty and General
medicine. The percentage values displayed on the
right-hand side correspond to these mean differ-
ences, with the values in parentheses providing the
95% confidence intervals for these estimates. The
dotted vertical line marks the 0% difference
threshold, indicating where the performance of
generative Al models in the specialty is exactly the
same as that of General medicine. Positive values (to
the right of the dotted line) suggest that the model
performance for the specialty was greater than that
for General medicine, whereas negative values (to
the left) indicate that the model performance for the
specialty was less than that for General medicine.
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that of physicians, recent research demonstrates that generative AI may
perform significantly worse than physicians in more complex scenarios
where models are provided with detailed information from electronic health
records”. This suggests that generative Al model performance may degrade
in more complex, real-world scenarios. Future research should prioritize the
inclusion of diverse patient populations and cases that reflect more complex,
real-world scenarios to better understand the generalizability of generative
Al performance across different populations and clinical settings. Addi-
tionally, investigating the intersecting impact of physicians using generative
Al models clinically, such as changes in performance, would be valuable.

In conclusion, this meta-analysis provides a nuanced understanding of
the capabilities and limitations of generative AI in medical diagnostics.
Generative Al models, particularly advanced iterations like GPT-4, GPT-4o,
Llama3 70B, Gemini 1.0 Pro, Gemini 1.5 Pro, Claude 3 Sonnet, Claude 3
Opus, and Perplexity, have shown progressive improvements and hold
promise for assisting in diagnosis, though their effectiveness varies by
model. With an overall moderate accuracy of 52%, generative AI models are
not yet reliable substitutes for expert physicians but may serve as valuable
aids in non-expert scenarios and as educational tools for medical trainees.
The findings also underscore the need for continued advancements and
specialization in model development, as well as rigorous, externally vali-
dated research to overcome the prevalent high risk of bias and ensure
generative Als’ effective integration into clinical practice. As the field
evolves, continuous learning and adaptation for both generative AI models
and medical professionals are imperative, alongside a commitment to
transparency and stringent research standards. This approach will be crucial
in harnessing the potential of generative AI models to enhance healthcare
delivery and medical education while safeguarding against their limitations
and biases.

Methods

Protocol and registration

This systematic review was prospectively registered with PROSPERO
(CRD42023494733). Our study adhered to the relevant sections of guide-
lines from the Preferred Reporting Items for a Systematic Review and Meta-
analysis (PRISMA) of Diagnostic Test Accuracy Studies (Supplementary
Table 4)'">"*°. All stages of the review (title and abstract screening, full-text
screening, data extraction, and assessment of bias) were performed in
duplicate by two independent reviewers (H.Takita and D.U.), and dis-
agreements were resolved by discussion with a third independent reviewer
(H.Tatekawa).

Search strategy and study selection

A search was performed to identify studies that validate a generative Al
model for diagnostic tasks. A search strategy was developed, including
variations of the terms generative Al and diagnosis. The search strategy was
as follows: articles in English that included the words “large language
model,” “LLM,” “generative artificial intelligence,” “generative AL” “gen-
erative pre-trained transformers,” “GPT,” “Bing,” “Prometheus,” “Bard,”
“PaLM,”*” “Pathways Language Model,” “LaMDA,” “Language Model for
Dialogue Applications,” “Llama,”” or “Large Language Model Meta AI”
and also “diagnosis,” “diagnostic,” “quiz,” “examination,” or “vignette” were
included. We searched the following electronic databases for literature from
June 2018 through June 2024: Medline, Scopus, Web of Science, Cochrane
Central, and MedRxiv. June 2018 represents when the first generative Al
model was published'. We included all articles that fulfilled the following
inclusion criteria: primary research studies that validate a generative Al for
diagnosis. We applied the following exclusion criteria to our search: review
articles, case reports, comments, editorials, and retracted articles.

»4,5

Data extraction

Titles and abstracts were screened before full-text screening. Data was
extracted using a predefined data extraction sheet. A count of excluded
studies, including the reason for exclusion, was recorded in a PRISMA flow
diagram'”’. We extracted information from each study including the first
author, model with its version, model task, test dataset type (internal,
external, or unknown)'", medical specialty, accuracy, sample size, and
publication status (preprint or peer-reviewed) for the meta-analysis of
generative Al performance. We defined three test types based on the rela-
tionship between the model’s training and test data'”'. We defined internal
testing as when the test data was derived from the same source or dis-
tribution as the training data but was properly separated from the training
set through standard practices such as cross-validation or random splitting.
We defined external testing as when the test data was collected after the
training data cutoff, or the model was tested on private data. We defined
unknown testing as when the test data was collected before the training data
cutoff, and the data was publicly available. This is because companies
developing these models have not disclosed their complete training datasets.
In addition to this, when both the model and the physician’s diagnostic
performance were presented in the same paper, we extracted both for meta-
analysis. We also considered the type of physician involved in relevant
studies. We classified physicians as non-experts if they were trainees or
residents. In contrast, those beyond this stage in their career were
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categorized as experts. When a single model used multiple prompts and
individual performances were available in one article, we took the average
of them.

Quality assessment

We used PROBAST to assess papers for bias and applicability'**. This tool
uses signaling questions in four domains (participants, predictors, out-
comes, and analysis) to provide both an overall and a granular assessment.
We did not include some PROBAST signaling questions because they are
not relevant to generative AI models. Details of modifications made to
PROBAST are in Supplementary Table 3 (online).

Statistical analysis

We calculated the pooled accuracy of diagnosis brought by generative Al
models and physicians based on the previously reported studies. The pooled
diagnosis accuracies were compared between all AT models and physicians
overall using the multivariable random-effect meta-regression model with
adjustment for medical specialty, task of models, type of test dataset, level of
bias, and publication status. We compared Al models overall with physicians
overall, expert physicians, and non-expert physicians. Additionally, we
compared each AI model with physicians overall and each AI model with
each physician’s experience level (expert or non-expert). Furthermore, we
assessed the variation of generative AI model accuracy across specialties. For
fitting the meta-regression models, a restricted maximum likelihood esti-
mator was utilized with the “metafor” package in R. To explore variation
between knowledge domains, we performed a subgroup analysis comparing
medical-domain models with non-medical-domain models. To assess the
impact of the overall risk of bias, we conducted a subgroup analysis limited to
studies with a low overall risk of bias. To assess the impact of publication bias
on the comparison of the diagnosis performance between the AT models and
the physicians, we used a funnel plot and Egger’s regression test. Additionally,
to assess the impact of heterogeneity, we conducted heterogeneity analyses in
both the full dataset and the subgroup that had a low overall risk of bias. All
statistical analyses were conducted using R version 4.4.0.

Data availability

The corresponding author had full access to all data in the study and final
responsibility for the decision to submit the report for publication. The data
used and analyzed during the current study are available from the corre-
sponding author upon reasonable request.

Code availability
Study protocol and metadata are available from Dr. Ueda (e-mail,
ailabo.ocu@gmail.com).
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