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ABSTRACT

Aims: Artificial intelligence's integration into pathology has accelerated with the adoption of digital workflows. Large language models like ChatGPT
offer unique opportunities but have yet to be systematically evaluated in diagnostic image interpretation.

Methods: In this comparative study, 24 histopathological images representing various tissue types and pathological entities were evaluated by
ChatGPT-40 mini and 15 experienced pathologists. The model was prompted with a standard diagnostic query without access to clinical information.
Pathologists independently assessed the same images. Responses were categorized as correct, false positive, false negative, low-impact error, or no
interpretation. Standard diagnostic metrics were calculated, and group comparisons were conducted using McNemar's test and Fisher's exact test.
Interobserver agreement among pathologists was analyzed using Fleiss' kappa.

Results: ChatGPT-40 mini achieved an accuracy of 71.4%, with a sensitivity of 60.0% and a specificity of 77.8%. The average accuracy of pathologists
was 89.8%, with 97.7% sensitivity and 87.1% specificity. Low-impact errors were more frequent with ChatGPT-40 mini (33.3%) compared to
pathologists (6.9%). McNemar's test revealed a statistically significant difference in favor of pathologists. The interobserver agreement among
pathologists was in the lower range.

Conclusion: While ChatGPT-40 mini demonstrated partial diagnostic capabilities, it underperformed compared to experienced pathologists. The
absence of a clinical context likely impacted the results. Future artificial intelligence models integrating image analysis and clinical data may enhance
performance. Despite limitations, the potential ChatGPT holds as a supportive diagnostic tool in pathology is highlighted in this study.
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INTRODUCTION adoption of digital pathology have further facilitated Al

ChatGPT is an artificial intelligence (Al) virtual assistant integration into diagnostic pathology (2).

launched in November 2022, with its applications in medicine Unlike Al-driven image analysis platforms such as PathAl or
rapidly expanding. The first Food and Drug Administration- Google Health Al, ChatGPT does not perform direct image
approved Al application in medicine emerged in 2017 with interpretation. Instead, it provides text-based insights that
software designed to detect diabetic retinopathy (1). More may complement pathology assessments when combined with
recently, large language models (LLMs) such as ChatGPT have expert knowledge. Thus, the number of studies evaluating
gained attention for their potential applications in pathology it potential in pathology is steadily increasing, highlighting
and other medical fields. The advancement and widespread the need for a systematic assessment of its capabilities and

limitations (3-6). While ChatGPT demonstrates proficiency
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in certain specialized fields, such as bone pathology, its
performance relies primarily on theoretical knowledge rather
than direct image analysis (7, 8). Consequently, its practical
application in diagnostic pathology remains constrained.

Moreover, limitations such as the lack of deep critical thinking
and reasoning, as well as the inability to verify source reliability,
necessitate cautious use. Expert validation remains essential
(9). Additionally, ChatGPT's diagnostic accuracy is significantly
influenced by the availability of contextual information; in the
absence of clinical data, its performance in microscopic image
analysis is markedly reduced (10).

Despite these limitations, ChatGPT has unique attributes
that explain why it was chosen for the present study. It is the
most widely known and most accessible LLM in medical and
educational settings, with many clinicians and trainees already
experimenting with its image-upload function, despite its
limitations as a general-purpose tool not specifically trained
for histopathological image analysis. This accessibility and
widespread informal use created the rationale for our study:
to systematically evaluate ChatGPT's diagnostic performance
against experienced pathologists under controlled conditions.

Recent works illustrate the growing interest in this area. Vaira
et al. (11) compared ChatGPT with experts in the analysis of oral
mucosal lesions, reporting lower accuracy with ChatGPT than
human specialists. Mazzucchelli et al. (12) assessed ChatGPT's
diagnosticability in gliomahistopathology, with similar findings.
In cervical cytology, Laohawetwanit et al. (13) confirmed that
LLMs can function as supportive tools but cannot replace expert
evaluation. In addition to empirical evaluations, conceptual
discussions have questioned whether ChatGPT should have
a role in medicine at all, emphasizing both its potential utility
and its inherent limitations (14, 15). Together, these studies
highlight the research gap our work addresses: to benchmark
ChatGPT against trained pathologists in a structured, case-
based design.

In this study, we evaluated the ability of Al to interpret
microscopic images of human tissues and compared its
performance with that of experienced pathologists.

MATERIALS AND METHODS

Ethics Statement

This study did not involve identifiable patient data. All
histopathological images were de-identified archival cases and
were used solely for research and educational purposes. According
to institutional and international ethical guidelines, a formal
approval from an ethics committee was therefore not required.
All participating pathologists took part voluntarily and provided
informed consent to contribute their diagnostic assessments.

Tissue Sample Selection

This study was designed to explore and assess the performance
of an Al rather than to establish definitive clinical conclusions.
This study analyzed static microscopic images of 24 tissue
samples, categorized into four groups:

« Normal tissue samples (n=6): Ureteral wall, thyroid,
prostate, gastric mucosa, gallbladder wall, colonic mucosa
(Figure 1).

+ Non-neoplastic lesions (n=6): Helicobacter pylori gastritis,
fibrous dysplasia of bone, cystitis cystica, ulcerative colitis,
chronic lymphocytic thyroiditis, Sertoli cell-only syndrome
(Figure 2 a-f).

» Benign tumors (n=6): Intradermal nevus, meningioma,
osteochondroma, pleomorphic adenoma, intraductal papilloma
of the breast, tubular adenoma of the colon (Figure 3).

+ Malignant tumors (n=6): Papillary urothelial carcinoma,
mucinous carcinoma, adenocarcinoma of the prostate, renal
cell carcinoma, squamous cell carcinoma, papillary thyroid
carcinoma (Figure 4).

This study was designed to explore and assess the performance
of a LLM rather than to establish definitive clinical conclusions.

Image Acquisition and Processing

All images were captured using a Leica DM1000 microscope
equipped with an ICC50 camera and proprietary software.
The magnification levels were selected based on the
histopathological characteristics of each tissue, ensuring the

Figure 1: Normal tissue samples: A cross-section of the ureter showing the lumen and the ureteral wall (a), thyroid follicles (b), prostatic acini (c), gastric

mucosa (d), mucosa and submucosa of the gallbladder (e), colonic mucosa (f).
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Figure 2: Non-neoplastic lesions: Helicobacter pylori gastritis (a), fibrous dysplasia of bone (b), cystitis cystica (c), ulcerative colitis (d), chronic lymphocytic
thyroiditis (e), Sertoli cell-only syndrome (f).

Figure 3: Benign tumors: Intradermal nevus (a), meningioma (b), osteochondroma (c), pleomorphic adenoma (d), intraductal papilloma of the breast (e),
tubular adenoma of the colon (f).

Figure 4: Malignant tumors: Papillary urothelial carcinoma (a), mucinous carcinoma (b), adenocarcinoma of the prostate (c), renal cell carcinoma (d), squamous
cell carcinoma (e), papillary thyroid carcinoma (f).
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most representative view. Images were saved in JPEG format,
with a color depth of 24-bit and a resolution of 1600x1200
pixels at 96 dots per inch (both horizontal and vertical).
No color correction or contrast adjustments were applied.
All histopathological specimens originated from the same
pathology department and were processed using identical
tissue fixation, embedding, sectioning, and staining protocols
to ensure methodological consistency across cases.

Evaluation by ChatGPT and Pathologists

The images were presented to ChatGPT-4o0 mini without
any accompanying clinical information, and the model was
prompted with the question “What is this?":

Responses of both ChatGPT and pathologists were categorized
into five distinct categories:

» Correct: Accurate diagnosis or a partially correct response
that aligned with the correct interpretation [true negative
(TN) and true positive (TP) results].

* Low-impact error: Errors that did not significantly impact
the patient’s management, prognosis, or treatment (labeling
a chronic inflammatory lesion as ‘“reactive changes”
instead of providing the exact clinicopathological entity, or
misclassifying a benign neoplasm subtype without altering
its benign nature).

» False negative: Failure to identify a lesion or classify it as
benign when it was malignant.

» False positive: Incorrect classification of benign lesions as
malignant.

* No interpretation: Inability to provide any meaningful
diagnosis or classification.

The reference standard (ground truth) for each case was
defined according to the original finalized histopathological
diagnosis issued in routine diagnostic practice at the originating
institution. Although participants evaluated only a single static
microphotograph per case, the reference diagnosis had been
established through comprehensive assessment of the entire
specimen, including full slide review and clinical correlation
when applicable.

As a control, the same microphotographs were independently
evaluated by 15 pathologists with experience ranging from four
to 23 years (mean: 11.25 years), also without clinical context.
The inclusion of 15 pathologists was intended to reflect inter-
individual diagnostic variability in routine practice rather than
to optimize interobserver agreement metrics. Pathologists
were eligible for inclusion if they had a minimum of three
years of independent diagnostic experience. All participating
pathologists were general surgical pathologists and did
not have formal subspecialty training. They were recruited
from multiple institutions, both national and international,
ensuring a heterogeneous expert pool. To avoid observer bias,
pathologists affiliated with the laboratory from which the cases
originated were excluded from participation, and none of the
participants had prior exposure to the evaluated samples. The
diagnostic accuracy and error categories for each pathologist
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were recorded and classified using the same criteria applied to
ChatGPT.

Statistical Analysis

Specificity, sensitivity, negative predictive value (NPV),
positive predictive value (PPV), and overall accuracy were the
diagnostic metrics used to assess diagnostic performance. Only
classifications labeled as TP, TN, false positive (FP), or false
negative (FN) were included in the analysis. Cases with clinically
insignificant errors or without any interpretation were excluded.

Diagnostic performance metrics for pathologists were calculated
individually for each observer by comparing their classifications
with the predefined reference standard. Subsequently, mean
values and standard deviations were computed across the 15
observers to obtain group-level performance estimates.

For group comparison:

« Fisher's exact test was performed to assess overall
differences in diagnostic accuracy between the model and
the pathologists.

* McNemar's test was used to evaluate case-level discordance
in paired classifications.

+ The pathologists’ performance was calculated as the average
across 15 independent evaluations per case.

In addition, interobserver agreement among the pathologists
was assessed using Fleiss' kappa statistic, which measures the
degree of agreement beyond chance among multiple raters.
Two analyses were conducted:

1. Afull categorical modelincluding correct diagnoses, incorrect
diagnoses, and clinically insignificant errors.

2. Abinary classification where both incorrect and minor errors
were grouped as “incorrect”.

A kappa value greater than 0.75 was considered to be excellent,
avalue between 0.40 and 0.75 was considered to be fair to good,
and a value below 0.40 was considered to be poor agreement.

Statistical significance was determined by a p-value of less than
0.05. All analyses were conducted using Python (v3.11) and the
Statsmodels library.

RESULTS

The correct response rate was 41.67% for ChatGPT-40 mini,
compared with a significantly higher rate of 78.06% for
pathologists. Among the pathologists, correct response rate
ranged from 58.33% to 91.67%, indicating considerable
variability in performance across evaluators. These calculations
were based on case-specific diagnoses rather than a binary
malignant-benign distinction (Table 1).

The error types made by ChatGPT-40 mini and pathologists
were analyzed to assess their diagnostic tendencies. Low-
impact diagnostic errors were observed in 33.3% of ChatGPT-
40 mini's responses, in contrast to only 6.9% among the
pathologists. Similarly, both FNs and FPs were observed in
8.3% of ChatGPT-40 mini's responses, while the corresponding
rates for pathologists were 0.5% and 8.8%, respectively.
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The frequency of no interpretation was comparable, with
ChatGPT-40 mini providing no meaningful diagnosis in 8.3% of
cases, compared to 5.5% for pathologists (Table 1).

Among the cases included in the study, lymphocytic thyroiditis
(Figure 2e) proved to be the most challenging for the participating
pathologists. Four pathologists (26%) did not provide an
interpretation, nine pathologists (60%) classified the case as
a malignant tumor, and only two pathologists (14%) reached
the correct diagnosis. This difficulty can be attributed to the
presence of squamous metaplasia in the image, a finding that is
uncommonly observed in lymphocytic thyroiditis. These results
indicate that, particularly when clinical information is limited,
rare reactive histomorphological features may complicate
interpretation and influence diagnostic outcomes.

Diagnostic Performance

The diagnostic capabilities of ChatGPT-40 mini and pathologists
were evaluated across 24 cases, using standard performance
metrics based on binary malignant-benign classification. Only
valid classifications -TP, TN, FP, and FN- were included in the
analysis; low-impact errors and uninterpretable cases were
excluded.

ChatGPT-40 mini achieved a sensitivity of 60.0%, specificity of
77.8%, and overall accuracy of 71.4%. In contrast, the average
performance of the 15 pathologists demonstrated a sensitivity
of 97.7%, a specificity of 87.1%, and an accuracy of 89.8%.
PPV and NPV followed a similar trend, with the pathologists
outperforming ChatGPT across all metrics (Table 2).

These findings indicate a substantial performance gap,
particularly in sensitivity and NPV, where pathologists showed
perfect scores while ChatGPT-40 mini underperformed.
Statistical Comparison

Both case-agnostic and case-wise tests were conducted
to assess if the differences between the two groups were
statistically significant.
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Fisher's exact test, comparing aggregated counts of correct and
incorrect diagnoses, yielded a p-value of 0.191, suggesting no
statistically significant difference when data were treated as
independent observations. However, this independent-sample
approach overlooks the paired nature of the diagnostic process,
where the same cases were evaluated by both the model and
the pathologists, thereby failing to account for case-specific
correlations.

To account for this, McNemar’s test was applied using case-
level matched data, focusing on discordant classifications. This
analysis revealed a difference between the two groups that is
statistically significant (p<0.001), favoring the pathologists.
Specifically, there were multiple instances where the model
misclassified cases that the majority of pathologists diagnosed
correctly. These findings underscore the importance of using
paired statistical methods in diagnostic comparison studies and
highlight the superior performance of the human experts in this
setting. The results indicate that the model’s misclassifications
were not random but occurred systematically on specific cases
that were correctly diagnosed by the pathologists.

Interobserver Agreement

The level of agreement among the 15 pathologists was
evaluated using Fleiss' kappa statistic. When all three diagnostic
outcomes were included - correct, incorrect, and low-impact
diagnostic errors - the overall interobserver agreement was
low, with a Fleiss' kappa of 0.13, indicating slight agreement.
To assess whether diagnostic disagreement was driven by the
presence of clinically insignificant errors, a binary classification
was applied by grouping both incorrect and low-impact
diagnostic errors as “incorrect”. Even under this simplified
dichotomy (correct vs. incorrect), Fleiss' kappa remained low
at 0.14, suggesting that variability in pathologists' judgments
persisted regardless of error type categorization. Importantly,
diagnostic performance metrics were calculated by comparing
each observer's classification against the predefined reference
standard (original finalized diagnosis), rather than being derived
from interobserver consensus.

Table 1: ChatGPT-40 mini's and pathologists' accuracy and error profiles.

Metric ChatGPT-40 mini Pathologists [mean + standard deviation (range)]
Correct response rate (%) 41.67 78+10.9 (62.5-91.6)

False negative rate (%) 83 0.5+1.4 (0-4.1)

False positive rate (%) 83 8.8+6.2 (0-20.8)

Low-impact diagnostic errors (%) 333 6.9+4.9 (0-16.6)

No interpretation (%) 83 5.5+5.8 (0-16.6)

Table 2: Diagnostic performances of ChatGPT-40 mini and pathologists.

Metric ChatGPT-40 mini Pathologists [mean + standard deviation (range)]
Sensitivity (%) 60.0 97.7+5.8 (83.3-100)

Specificity (%) 77.8 87.19.5 (68.7-100)

Positive predictive value (%) 60.0 75.1£14.7 (50-100)

Negative predictive value (%) 77.8 99.2+2.0 (94.1-100)

Accuracy (%) 71.4 89.8+6.9 (76.1-100)

$IMSJ
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DISCUSSION

Artificial intelligence has been rapidly transforming the field
of pathology, particularly with the advent of digital pathology
and whole slide imaging. Al-based systems have demonstrated
their utility in detecting malignancies, identifying cellular
atypia, and predicting prognostic factors. Studies have shown
that convolutional neural networks can achieve high diagnostic
accuracy in tasks such as identifying lymph node metastases in
breast cancer and detecting prostate cancer in histopathological
images (16, 17).

Moreover, Al models such as Google's DeepVariant and PathAl
have exhibited remarkable accuracy in histological image
analysis, surpassing or matching the performance of experienced
pathologists in certain contexts (18, 19). However, these
models are primarily trained on digital slide data, whereas LLMs
such as ChatGPT-40 mini rely solely on textual input-output
relationships. While ChatGPT lacks the capability to analyze
microscopic images directly, its ability to synthesize information
and provide differential diagnoses from textual data presents a
unique opportunity for integration into pathology workflows.

Looking ahead, Al is expected to expand its role in pathology by
enhancing real-time intraoperative consultations, automated
grading of tumors, and even predicting therapeutic responses.
However, for Al models like ChatGPT to reach their full potential
in pathology, hybrid models that combine image analysis with
natural language processing (NLP) will be necessary (20).

Our study compared the diagnostic accuracy of ChatGPT-
40 mini with that of 15 experienced pathologists. The correct
response rate demonstrated by ChatGPT-40 mini was 41.7%,
which was significantly lower than the same rate of pathologists
(78.06%). This performance gap is consistent with the results
of previous studies that have evaluated Al models trained on
non-image datasets, where the lack of image-based contextual
understanding led to inferior diagnostic accuracy (21).

The error profile analysis revealed that low-impact diagnostic
errors were observed in 33.3% of ChatGPT-40 mini's responses,
whereas pathologists made similar errors at a rate of 6.9%.
Additionally, ChatGPT's FN and FP rates were both 8.3%,
compared to 0.5% and 8.8% for pathologists. These findings
align with the studies highlighting that Al models often excel
in detecting common patterns but may struggle with atypical
or rare cases, leading to higher rates of misclassification (22).

Real-world practice always involves clinical, radiological,
and demographic context. Adding such data would likely
improve accuracy for both Al and humans. Therefore, future
studies should aim to include multimodal data combining
histopathological images with clinical context to more
accurately reflect real-world diagnostic environments and to
better assess the full potential of Al in pathology.

Our findings on ChatGPT-40 mini's diagnostic performance are
largely consistent with recent studies conducted in different
areas of pathology. In our series, the model achieved an
accuracy of 41.7%, with a sensitivity of 60.0% and a specificity
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of 77.8%, whereas pathologists reached an average accuracy
of 78.0%. Similarly, in the evaluation of oral mucosal lesions,
ChatGPT's accuracy was reported as 52.5% compared to over
84% for experts; in glioma histopathology, accuracy was 43%
for ChatGPT and 89% for neuropathologists; and in cervical
cytology, ChatGPT achieved around 50% while pathologists
exceeded 85% (11-13). Taken together, these results show
that ChatGPT demonstrates similar limitations across organ
systems and specimen types, particularly struggling with the
recognition of complex morphological patterns, while human
experts consistently achieve much higher levels of accuracy.
At the same time, ChatGPT's most immediate value may not
lie in primary diagnosis but rather in supportive roles such
as simplifying pathology reports, education, and reducing
workload (23). Our study reinforces these trends, confirming
that ChatGPT cannot yet function as a standalone diagnostic
tool but may, in the future, contribute to pathology practice
through hybrid approaches.

The integration of Al into pathology workflows raises critical
ethical considerations. The principle of “primum non nocere”
(first, do no harm) is paramount in medical practice. To
align with this principle, both ChatGPT-40 mini and human
pathologists were given the option to refrain from making a
diagnosis rather than providing a potentially misleading result.
This aspect is particularly important in medical Al applications,
where incorrect classifications may have serious implications for
patient management and prognosis.

Moreover, the potential for Al-induced bias, over-reliance on
technology, and the risk of automation bias require careful
consideration. Regulatory frameworks and ethical guidelines
must be continually updated to ensure that Al systems are
deployed in a manner that minimizes harm and maximizes
patient benefit (24, 25).

Our findings underscore the need for ongoing refinement of Al
models in pathology, particularly through the integration of
hybrid systems that combine histopathological image analysis
with NLP capabilities. Such approaches could lead to the
development of intelligent diagnostic assistants that not only
flag suspicious findings but also facilitate diagnostic consensus
among pathologists and contribute to reducing workload in
high-volume settings.

To enhance the clinical utility of ChatGPT-like models, future
efforts should focus on incorporating image interpretation
algorithms capable of analyzing complex tissue patterns and
morphological features. Equally important is the continued
training of these models on large, diverse, and pathology-specific
datasets, which would enable better handling of diagnostically
challenging orrare cases. Moreover,implementing Al successfully
in clinical practice will require rigorous validation in real-world
settings to ensure safety, reliability, and generalizability across
different institutions and diagnostic environments.

By addressing these areas, future iterations of Al systems may
evolve into robust and trustworthy tools that complement the
expertise of human pathologists, supporting but not replacing
their critical role in the diagnostic process.
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Study Limitations

While our study contributes valuable insights into the
comparative diagnostic performance of ChatGPT-40 mini and
pathologists, several limitations must be acknowledged. First,
the number of images was deliberately limited to 24 to ensure
feasibility for 15 busy pathologists, while still representing
a balanced spectrum of normal tissues, benign lesions, and
malignancies. In addition, the clinical application of Al in
medicine remains an advancing field. Our results should be
interpreted as exploratory rather than definitive. This study
should be viewed as providing preliminary insights into the
potential role of Al. We recognize that a larger and more diverse
dataset would increase generalizability and have highlighted
this point more explicitly. Second, ChatGPT-40 mini is not
designed as an image-analysis tool. Our rationale for using it
nonetheless lies in its accessibility, widespread popularity, and
the fact that clinicians already experiment with its image-upload
functionality. In this sense, the study does not claim to evaluate
a dedicated histopathology Al system but rather assesses
how a general-purpose, widely used tool performs under
diagnostic conditions. Third, although interobserver agreement
among the 15 pathologists was assessed using Fleiss’ kappa
(k=0.13), this low level of agreement may reflect differences in
diagnostic thresholds, interpretive experience, and uncertainty
in borderline cases. This variability may have been further
amplified by the absence of clinical and radiological information
and by the use of static microphotographs rather than whole-
slide images, conditions that are known to increase subjectivity
in histopathological interpretation. The absence of clinical
information likely affected both human and Al performance,
particularly in borderline entities where morphology alone
is insufficient for confident classification. In daily practice,
even experienced pathologists rely on clinical and radiological
context to resolve such ambiguity. Therefore, the observed error
patterns should not be interpreted as isolated failures of either
the LLM or the human observers, but rather as a consequence
of intentionally decontextualized image-based assessment.
It is important to note that the observed variability does not
necessarily undermine the overall high accuracy observed at the
group level.

Another unique aspect of our study is that neither ChatGPT-
40 mini nor the pathologists were provided with any clinical
information. Only static microscopic images were evaluated.
Using 24 static microscopic images allowed us to standardize
image presentation and better evaluate the results. However,
this is a serious limitation. In routine clinical practice,
pathologists assess entire slides, evaluating different criteria
across different magnifications. The use of static images
may limit the interpretation of diagnostic cues. This stands
in contrast to routine diagnostic workflows, where clinical
history, radiologic findings, and demographic information play
a crucial role in guiding interpretation. Previous research has
demonstrated that access to relevant clinical data significantly
enhances diagnostic accuracy among pathologists, and similar
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improvements have been observed in Al systems when clinical
context is incorporated. Olawade et al. (26) emphasized that the
integration of multimodal information, including clinical data, is
critical to improving the accuracy and reliability of Al systems in
healthcare delivery, warning that the absence of such context
can limit their diagnostic utility. Similarly, Obuchowicz et al. (27),
in their review of Al applications in medical imaging, highlighted
that combining clinical, radiological, and histopathological data
substantially increases diagnostic accuracy compared to image-
only analysis.

CONCLUSION

In conclusion, while ChatGPT's diagnostic accuracy was
inferior compared to that of the pathologist's, its ability
to identify partially correct responses and error profiles
suggests its potential as a diagnostic assistant. The absence of
clinical information in this study likely influenced diagnostic
accuracy, highlighting the importance of integrating clinical
context in future Al-assisted diagnostics. Future Al models
that integrate image analysis and NLP may further enhance
diagnostic accuracy and improve pathology workflows. Ethical
considerations, including the principle of “primum non nocere”
(first, do no harm), must guide the deployment of Al models
in clinical settings to minimize harm and ensure patient safety.
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