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and correlated to the collagen proportionate area for additional insights. All
cases were further analyzed by an in-context learning approach, where the
model learns from exemplary images provided during prompting.

Results: ChatGPT-4's diagnostic accuracy was 81% when using images
selected by a pathologist, while it decreased to 54% with randomly cropped
fields of view. By employing an in-context learning approach, the accuracy
increased to 88% and 77% for selected and random fields of view, respectively.
This method enabled the model to fully and correctly identify the tissue struc-
tures characteristic of F4 stages, previously misclassified. The study also
highlighted a moderate to strong correlation between ChatGPT-4's fibrosis
staging and collagen proportionate area.

Conclusions: ChatGPT-4 showed remarkable results with a diagnostic accu-
racy overlapping those of expert liver pathologists. The in-context learning
analysis, applied here for the first time to assess fibrosis deposition in metabolic
dysfunction—associated steatohepatitis samples, was crucial in accurately
identifying the key features of F4 cases, critical for early therapeutic decision-
making. These findings suggest the potential for integrating large language
models as supportive tools in diagnostic pathology.

Keywords: artificial intelligence, collagen, hepatology, large language

models, stage

INTRODUCTION

The degree of liver fibrosis in metabolic dysfunction—
associated steatohepatitis (MASH) is the primary prog-
nostic determinant of a patient's clinical outcomes.["-2
Treatment efficacy and clinical trial enrollment are
crucially dependent on the accurate assessment of the
extent and architecture of liver fibrosis.®! This evaluation
typically involves histological analysis of liver biopsies
performed by expert pathologists. Recently, the advent of
whole slide imaging scanners has enabled the digitiza-
tion of high-resolution images of entire tissue sections,
paving the way toward the development of novel artificial
intelligence (Al) algorithms designed for multiple tasks,
such as image segmentation, classification and integra-
tion of anatomical, clinical, and molecular information. !
Notably, Al algorithms have been recently developed to
assess the progression or regression of fibrosis with an
enhanced dynamic range, aiming to identify potential
intra-stage or intra-grade improvements, currently over-
looked due to the categorical nature of the staging
systems.[6-8l

A significant advancement in Al is the development
of large language models (LLMs), specialized forms of
generative Al (GenAl) systems that process and
generate human-like text based on extensive training
with textual data.[®'% One of the most ubiquitous
LLM is Chat Generative Pre-trained Transformer

(ChatGPT), developed by OpenAl, an Al chatbot that
mimics human conversation, offering responses
across various topics.l'"l ChatGPT was not designed
to solve a specific problem, such as image interpre-
tation or medical document analysis. Instead, it was
engineered as a general-purpose model in order to
have broad “cognitive” abilities to assist users in a
wide range of tasks.['? Its advanced understanding of
context allows for relevant and engaging exchanges
easily accessible through simple text prompts. Recent
improvements to ChatGPT, namely the multimodal
LLM model “GPT-4-vision,” allow it to recognize and
interpret images, extending its interactive functionality
to include visual inputs alongside text prompts.['?!
ChatGPT-4, at the moment, cannot currently be
retrained on specific datasets; however, in-context
learning can be applied to condition the model's
behavior based on the provided context. In-context
learning involves presenting the model with relevant
examples directly within the prompt, allowing it to use
these examples as guidance for the task at hand.[4.15]
This approach contrasts with zero-shot learning,!®!
where the model must generalize its responses without
prior examples or guidance. In-context learning is
closely related to few-shot learning,['®! as it relies on
providing a limited number of examples in the prompt to
enhance the model's reasoning capabilities. Although
in-context learning has been widely applied to general-
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purpose tasks,!'l its use in cancer classification from
hematoxylin and eosin digital images has only recently
been reported.['é]

In the hepatology field, ChatGPT has shown prom-
ising outcomes in text interpretation.l'¥ Its responses
to medical inquiries from patients with metabolic
dysfunction—associated steatotic liver disease (MASLD)
were found to be complete and comprehensible.20!
Additionally, ChatGPT was shown to generate
responses ranging from very good to excellent con-
cerning liver transplantation queries.2"! Furthermore, a
comparative analysis between ChatGPT-generated
cirrhosis patient education materials and human-pro-
vided materials showed similarities in readability,
quality, understandability, and accuracy.?? However,
although ChatGPT demonstrated knowledge and accu-
racy in responding to most questions related to cirrhosis
and HCC, its responses were not consistently compre-
hensive, particularly in diagnosis and preventive
medicine. 2!

Due to the recent introduction of ChatGPT-4, there is
limited data available on the application of this
technology to medical images. In histopathology, this
Al tool has shown relatively promising results when both
text and images are provided, though its performance in
image interpretation is strongly influenced by the
prompt.24251  Specifically, regarding liver diseases,
ChatGPT-4 demonstrated an accuracy of 87% for
staging MASLD when analyzing digital histopatholog-
ical slides.l?8! Despite its high innovation and revolu-
tionary potential, this study is limited by the number of
image inputs and the reliance on internet-sourced
images.[2%!

In this scenario, it is evident that the medical
community is increasingly interested in testing and
evaluating the capability of ChatGPT as a possible
educational tool or diagnostic support. To foster a
more extensive and deeper debate within the scien-
tific community, we present an evaluation of the
diagnostic performance of ChatGPT-4 in assessing
MASH fibrosis, comparing its accuracy to that of
pathologists with varying levels of experience. In
particular, we focused on ChatGPT-4 capability to
interpret Sirius Red-stained liver histology images
according to the NASH-CRN staging system.
ChatGPT-4 performance is analyzed in dependence
on different tuning parameters related to image
properties, fibrosis stage and potential users, aiming
to juxtapose our findings with results reported in the
literature and obtained by applying other Al algo-
rithms. Additionally, we report enhanced fibrosis
stratification achieved through the application of
the in-context learning strategy. Our goal is to
provide comprehensive data to the ongoing debate
regarding the use of ChatGPT-4 and provide initial
data supporting the potential application of LLMs in
diagnostic pathology.

METHODS

Case collection, slide digitization, and
pathologists

Sirius Red-stained slides from a series of 59 cases of
MASH biopsies (detailed in Table 1) were obtained from
the Department of Pathology at the Humanitas Clinical
and Research Center in Rozzano, Milan, Italy. We
selected cases with a matched clinical and pathological
diagnosis of MASH. Specifically, we selected only cases
fulfilling the following criteria: (1) clinical diagnosis of
MASLD or MetALD (MASLD predominant), (2) histo-
pathological diagnosis of steatohepatitis, and (3) biopsy
tissue of >15 mm length, showing > 10 portal spaces.
These slides were digitized using a Philips Ultra Fast
Scanner with an Olympus 40x air objective (NA=0.75,
Plan Apo, pixel-size = 0.25 uym). The digitized whole slide
images (WSIs) underwent independent evaluation by 2
liver pathologists (pathologists A and B) and two general
pathologists (pathologists C and D). Utilizing the NASH-
CRN system, each pathologist assigned a fibrosis stage
to the slides.’”l The stage of fibrosis determined by
pathologist A, the most experienced liver pathologist,
served as the reference standard or ground truth (GT).
Multiple fields of view (FOVs) at 4%, 10x, and 20x
magnifications were extracted under the supervision of an
expert liver pathologist who was not directly involved in the
study (Supplemental Table 1 and Supplemental Figure S1
http://links.lww.com/HC9/B966). This approach was
applied to the entire set of Sirius Red WSIs (N=259). To
further assess ChatGPT-4's performance, an additional
dataset of randomly cropped FOVs (N =35) was gener-
ated. From the pool of selected images, at least 6 FOVs (2

TABLE 1 Details of the dataset and strategy pursued during the
interaction with ChatGPT

Expert selection of Randomly cropped

FOVs FOVs
N 59 35
F=22, M=37 F=13, M=22
F1 7 (12%) 7 (20%)
F2 19 (32%) 9 (26%)
F3 28 (47%) 14 (40%)
F4 5 (9%) 5 (14%)
Image data FOVs are selected by ~ FOVs are randomly
an expert pathologist selected in the WSI
Number of - Two 4x FOVs
images for each - Two 10x FOVs
case - Two 20x FOVs
Evaluation By 4 independent pathologists (different
degrees of expertise). The senior pathologist
was taken as a reference
Model ChatGPT-4Vision (released 09/2023)

Abbreviations: ChatGPT, Chat Generative Pre-trained Transformer; F, female;
FOVs, fields of view; M, male; WSI, whole slide image.
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at 4%, 2 at 10x, and 2 at 20x magnifications) were
randomly chosen and presented to ChatGPT for evalua-
tion, ensuring that the analysis was both standardized and
sufficiently randomized to reduce potential bias in FOV
selection. Initially, we employed a standard few-shot
learning protocol to evaluate ChatGPT-4's performance.
Subsequently, all cases were reanalyzed using an in-
context learning approach, where the model was primed
with external examples beyond the WSIs collected in this
study to improve its reasoning (as described in the
Supplemental Digital Content, http:/links.lww.com/HC9/
8966).[14’15’18]

Ethics statement

All research was conducted in accordance with both the
Declarations of Helsinki and Istanbul and with the local
legislation and institutional requirements. The human
samples used in this study were acquired from
previously diagnosed human biopsies. Written informed
consent was obtained from the individuals for the
publication of any potentially identifiable images or data
included in this article. Humanitas University review
board exempted this study from further ethical approval.

Collagen proportionate area quantification

Collagen proportionate area (CPA) was estimated as a
fraction of collagen pixels (Sirius Red positive) over the
total number of pixels representing the tissue section.[?8!
CPA was reported as a percentage (0%—100%) referring
to the whole tissue section.

Statistical analysis

A confusion matrix was employed to evaluate and
quantify the agreement between the predictions made
by ChatGPT and the assessments provided by the
pathologists. In the context of our multi-class classifi-
cation approach, this matrix recorded the instances of
true positives, true negatives, false positives, and false
negatives for each category within the 5-stage classi-
fication system (FO-F4). This matrix served as an
overarching indicator of classification precision across
all categories. Accuracy was computed as the ratio of
correctly classified cases (sum of the diagonal ele-
ments) over the total number of samples, presented as
a percentage (0%—100%).

The diagnostic accuracy of ChatGPT is here
expressed as the recall metric (also known as sensitivity
or true positive rate) which measures the ability of a
model to correctly identify all relevant instances of a
particular class (here, fibrosis stage). Specifically, it is
the ratio between the number of correctly identified

cases with a specific stage among all the samples with
the same diagnosis. This will be hereby presented as a
percentage (0%—100%).

Cohen Kappa with quadratic weighting was selected
to evaluate the interobserver agreement. Quadratic
weighting assigns a higher degree of significance to
disagreements between categories that are further apart
than those closer together. Kappa values are interpreted
with the following classifications: values from 0.01 to 0.20
indicate slight agreement; from 0.21 to 0.40, fair
agreement; from 0.41 to 0.60, moderate agreement;
from 0.61 to 0.80, substantial agreement; and values
> 0.81 indicate almost perfect agreement.29]

The diagnostic accuracy of ChatGPT was evaluated
compared to the reference standard (pathologist A, GT).
The diagnostic accuracy of ChatGPT and that of other
human pathologists were statistically compared using
Fisher exact test. Pearson correlation was used to
evaluate the correlation between ChatGPT's fibrosis
stage and CPA.

Detailed descriptions of methods used in this study
are provided in the Supplemental Digital Content, http://
links.lww.com/HC9/B966 section.

RESULTS
Cases under investigation

Table 1 shows the details of the dataset and the
distribution of liver biopsies according to fibrosis stage
in 2 study series submitted to ChatGPT: the first
containing FOVs selected by an expert pathologist
(N=59), while the second related to the randomly
collected FOVs (N =35).

In order to assess ChatGPT's capability to interpret
liver histology images and suggest a fibrosis stage,
FOVs were uploaded onto the ChatGPT platform,
providing prompts including a brief description of the
provided images. To verify the repeatability of the
answers and to promote the visibility of multiple FOVs of
the same biopsy, avoiding influences from previous
conversations and interpretations, we replicated our
inquiry in 3 different conversation sessions. Further
information related to the followed protocols and the
strategies for interaction with ChatGPT are extensively
reported in the Supplemental Digital Content, http://
links.lww.com/HC9/B966.

Diagnostic accuracy of ChatGPT-4

ChatGPT achieved an overall accuracy of 81% com-
pared to the most senior pathologist (pathologist A, GT).
A comparison of the diagnoses provided by ChatGPT
and pathologist A is shown in Figure 1A. In detail, for
stage F1, the diagnostic accuracy (recall) is 43% (3 out
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(B)
ChatGPT-4 vs Pathologist A
100% 100%
b
80% 79%
0
T 60%
2 43%
0,
o 40% 4 40%
20%
0%
0% ——— .
0 1 2 3 4

Fibrosis Score

Comparison of ChatGPT and pathologist A (ground truth) diagnoses. (A) Confusion matrix comparing the performance of

ChatGPT-4 and pathologist A, with the x-axis representing ChatGPT-4's diagnoses and the y-axis representing pathologist A's diagnoses. The
shaded squares indicate the number of scoring comparisons within each category, with darker shades representing higher counts. (B) Bar chart

showing ChatGPT-4's diagnostic accuracy (recall) for each fibrosis stage.

of 7 cases); for stage F2, it is 79% (15 out of 19 cases);
for stage F3, ChatGPT achieves a perfect diagnostic
accuracy rate of 100% (28 out of 28 cases); and for
stage F4, the accuracy drops to 40% (2 out of 5 cases)
(Figure 1B). Although F4 fibrosis samples are repre-
sented by few biopsies in our dataset, in more than half
cases, ChatGPT was not able to recognize the
presence of nodules, reporting the following sentences:
“without evidence of nodular regeneration and complete
disruption of the liver architecture, it is not indicative of
cirrhosis (F4)”; “However, the lack of complete nodule
formation and the preservation of some normal archi-
tecture might still be more consistent with NASH-CRN
stage F3, indicating numerous septa without cirrhosis”.
A further comparison between pathologist A and
ChatGPT is reported in Supplemental Figure S2,
http://links.lww.com/HC9/B966, showing 2 F4 cases: 1
correctly diagnosed (panel A) and 1 incorrectly (panel
B) classified as F3 stage by ChatGPT.

Comparison of ChatGPT-4's and
pathologists' performance

Table 2 shows the diagnostic accuracy and interob-
server agreement among the participants (including
ChatGPT). ChatGPT shows a substantial agreement
with the 2 liver pathologists (A and B), while a moderate
agreement has been obtained with the general pathol-
ogists (C and D). In all cases, the agreement shows an
increasing trend from F1 to F3, while for F4 the highest
disagreement has been obtained due to the inability of

ChatGPT to recognize the features related to this stage,
as previously illustrated.

The table also reports the overall accuracy for
pathologists B (80%), C (64%), and D (59%) with
respect to pathologist A (GT). The quadratic weighted
Cohen Kappa revealed almost perfect agreement
between pathologists B and A, while a substantial
agreement was obtained for all other comparisons.
Notably, ChatGPT provided the lowest diagnostic
accuracy of F4 among all participants.

A heat map showing the responses of all participants
is reported in Figure 2. In particular, for ChatGPT, we
reported the diagnosis proposed in each of the 3 single
rounds of response (CG1, CG2, CG3), the most frequent
response (CG-S), and the forced value (CG-F, the value
that ChatGPT was forced to provide in case of uncertain
fibrosis staging during conversations). Regardless of
accuracy, fibrosis staging provided by ChatGPT was
relatively consistent in every round. Pairwise compari-
sons containing a confusion matrix and percent agree-
ment of participants are shown in Supplemental Figures
S3-S8, http://links.lww.com/HC9/B966.

Effect of random cropping on ChatGPT-4's
diagnostic accuracy

In order to simulate the possible interaction of a
nonexpert in liver pathology, we chose to submit
random selected FOVs to ChatGPT. When images
subjected to random cropping were provided to
ChatGPT-4, its overall accuracy dropped to 54% with
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Percent agreement and weighted Cohen Kappa between participants

TABLE 2

Cohen Kappa (quadratic weighting)

Diagnostic accuracy (recall)

F1 (%)

Interpretation

Value

F4 (%)
40
33

F3 (%)

F2 (%)

FO (%)

Overall accuracy (%)

Comparison

Substantial agreement

0.78

100
93
85
89
89
61

79
68
48

NA 43

NA
NA

81

ChatGPT vs. pathologist A

Substantial agreement

0.75

67

76
53
47
80
64
59
54

ChatGPT vs. pathologist B

Moderate agreement

0.53
0.48
0.83
0.70
0.67
0.52
0.90
0.75

17
14
100
80
80
20

25

ChatGPT vs. pathologist C

Moderate agreement

59
79

ChatGPT vs. pathologist D

Almost perfect agreement

29

NA
NA

Pathologist B vs. pathologist A

Substantial agreement

63

71

Pathologist C vs. pathologist A

Substantial agreement

57
86

58

44

57

Pathologist D vs. pathologist A

Moderate agreement

29

NA
NA
NA

ChatGPT random crop vs. pathologist A

Almost perfect agreement

100
100

84 100
100

67

43

88
77

In-context ChatGPT vs. pathologist A

Substantial agreement

29

In-context ChatGPT random crop vs. pathologist A

single-stage outcomes outlined in Table 2 and Figure 3.
Considering these results, it is clear that ChatGPT-4
accuracy is strongly dependent on the user and on the
selected FOVs. Indeed, we want to stress that in this
case, we exploited OpenAl instructions regarding step-
by-step prompting and prompt engineering.

Correlation between ChatGPT-4's fibrosis
staging and CPA

A total of 12 (20%) ChatGPT's responses were
characterized by an ambiguity between 2 fibrosis
stages. These indeterminate responses were observed
in 3, 7, and 2 cases for F1/2, F2/3, and F3/4,
respectively (see Supplemental Figure S9, http://links.
Iww.com/HC9/B966 for some examples). These ambig-
uous results prompted the investigation of a possible
correlation between ChatGPT and the proportion of
biopsy occupied by collagen CPA. The analysis
revealed a moderate to strong correlation between
ChatGPT's staging and CPA (Pearson correlation
coefficient: 0.69; p <0.01, Figure 4).

Indeed, recently, different authors®®! reported the
possibility of highlighting intra-score fibrosis stages by
exploiting also the information provided by the percentage
of collagen in the liver biopsy as a quantitative and
understandable feature. Moreover, in literature, a correla-
tion of the fibrosis stage with the CPA has been
suggested, 334 and ChatGPT is trained about this topic
since it reports during conversations that: “The stage of
fibrosis in a liver biopsy is indeed correlated with the
percentage of collagen in the tissue. In liver biopsies, the
fibrosis stage is typically assessed using various scoring
systems, which categorize the extent and pattern of
fibrosis. These scoring systems often indirectly reflect the
amount of collagen deposition in the liver. As fibrosis
progresses, the percentage of collagen typically
increases, leading to more extensive scarring. This can
be quantified using histological techniques that specifically
stain collagen, such as Trichrome or Sirius Red staining,
and can be visually or digitally quantified to estimate the
collagen content. Thus, a higher percentage of collagen
generally indicates a more advanced stage of fibrosis.
This correlation is crucial for diagnosing the severity of
liver disease and guiding treatment decisions.”

In light of these observations, it is therefore possible
that ChatGPT attention-based mechanism might also
take into account the amount/extension of collagen
fibers during its assessment of the fibrosis stage.

Effect of in-context learning on ChatGPT-
4's diagnostic accuracy

Drawing inspiration from general-purpose models!'”! that
use exemplary images and corresponding descriptions
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1 1 0 25 15 15 15 1
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2 2 1 3 2 2 2 2

1 2 2 1 3 2 2 2 2
2 1 1 3 3 3 3 3
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3 2 2 25 15 25 25 2
2 2 2 15 15 25 2 2
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3 3 3 3 3 3 3 3
3 2 3 3 3 3 3 3
3 3 2 4 3 3 3 3
3 3 3 3 3 3 3 3
3 1 1 3 3 3 3 3
2 2 2 3 3.5 3 3 3
3 3 3 3 4 3 3 3
3 3 3 3 3 3 3 3
2 2 1 35 3 3.5 3.5 3
3 4 3 3 3 3 3 3
3 2 3 3 3 3 3 3
3 3 3 3 3 3 3 3
4 3 3 3.5 3 3.5 3.5 3
3 3 3 3 3 3 3 3

3 3 3 4 3 3 3 3 3
3 3 3 3 3 25 3 3
3 3 3 3 3 3 3 3
3 1 2 3 3 3 3 3
3 3 2 3 3 3 3 3
3 3 4 3 25 3 3 3
3 3 1 3 3 25 3 3
3 2 3 3 3 3 3 3
3 3 3 3 3 3.5 3 3
3 2 2 3 35 3 3 3
3 3 3 3 3 3 3 3
3 2 1 3 3 3 3 3
3 3 3 3 3 3 3 3
3 4 4 3 3 4 3 3
4 4 4 4 4 4 4 4
4 4 4 3 3 4 3 3

4 4 4 4 3 3 3 3 3
4 3 3 4 35 4 4 4
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FIGURE 2 Heat map showing responses of pathologists (A, B, C, D) and ChatGPT-4. Abbreviations: A (GT) = pathologist A (ground truth);
B = pathologist B; C =pathologist C; D = pathologist D; CG1=ChatGPT-4 attempt 1; CG2 =ChatGPT-4 attempt 2; CG3 = ChatGPT-4 attempt 3;
CG-S =ChatGPT-4 summary; CG-F = ChatGPT-4 forced fibrosis stage. Numerical values refer to the pathological stage according to the NASH-
CRN staging system. In some cases, ChatGPT-4 generated a response staying in the middle of categories of NASH-CRN (1.5 for indecision
between F1 and F2; 2.5 for indecision between F2 and F3; 3.5 for indecision between F3 and F4).
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FIGURE 3 Effect of random cropping on ChatGPT-4's diagnostic accuracy. (A) Confusion matrix comparing the performance of ChatGPT-4
and pathologist A (ground truth). (B) Bar chart showing ChatGPT-4's diagnostic accuracy (recall) of each fibrosis stage.

to enhance LLM performance, we applied in-context
learning to all selected and random FOVs for fibrosis
stratification.[14.15.18]

In this light, the misclassification of F4 cases was
particularly unexpected, given that these cases are
defined by distinctive nodular structures and collagen
deposition patterns that ChatGPT-4 initially failed to
recognize. To address this issue, we presented images
of nodular structures at different magnifications, prompt-
ing ChatGPT to learn the key features of nodular
formations for following stratification task (see also

Correlation between
ChatGPT-4’s Staging and CPA
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[ ]
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ChatGPT-4’s Fibrosis Staging

FIGURE 4 ChatGPT-4's indecisive fibrosis staging and CPA.
Correlation between ChatGPT-4's staging and CPA. Data is displayed
in blue, and a linear regression is overlaid in orange. Pearson corre-
lation coefficient is 0.69 (p <0.01). Abbreviation: CPA, collagen
proportionate area.

Supplemental Digital Content, http://links.lww.com/HC9/
B966). This approach aimed to improve the model's
ability to recognize and classify nodular structures.

Furthermore, a second in-context learning approach
was applied to all F1—F4 cases, by providing examples
of FOVs at different magnifications and across various
fibrosis stages extracted from images external to the
study cohort. This procedure has been applied to both
selected and random FOVs datasets (see also Supple-
mental Digital Content, http://links.lww.com/HC9/B966).
This approach offered the model a comparative
framework, emphasizing the structural transitions char-
acteristic of each stage.

Both in-context learning strategies resulted in a
consistent improvement in staging performance, raising
the overall accuracy to 88% and 77% for selected and
random FOVs, respectively (Figures 5A, C). Interest-
ingly, F1 cases did not show significant improvement
with this approach (see Figures 5B, D), whereas F4
cases were consistently staged correctly (100%, 5 out
of 5 cases). This outcome may also reflect the variability
among pathologists in staging early fibrosis cases (F1/
F2), while more advanced stages tend to be more
consistently recognized by pathologists.[28]

The final rows in Table 2 show the improvement in
overall accuracy and interobserver agreement between
ChatGPT versus pathologist A. The quadratically weight-
ed Cohen Kappa, which measures the overall agreement
between ChatGPT's scoring and the GT scoring by
pathologist A, increased from 0.78 in the previous protocol
to 0.90 with the implementation of the in-context strategy.
This result indicates almost perfect agreement, compara-
ble to the level of concordance observed between the 2
most senior pathologists (0.83, pathologists A vs. B).
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Comparison of in-context ChatGPT-4 and pathologist A (ground truth) diagnoses. (A) Confusion matrix comparing the performance of in-

context ChatGPT-4 and pathologist A for selected FOVs, with the x-axis representing ChatGPT-4's diagnoses and the y-axis representing pathologist A's
diagnoses. The shaded squares indicate the number of instances in each category, with darker shades representing higher counts. (B) Bar chart showing
the recall (diagnostic accuracy) of in-context ChatGPT-4 for each fibrosis stage using selected FOVs. Similarly, (C) and (D) present the confusion matrix
and recall for the in-context analysis performed on the dataset comprising randomly cropped FOVs. Abbreviation: FOVs, fields of view.

Supplemental Figure S10, http:/links.lww.com/HC9/
B966, illustrates the Fleiss Kappa agreement values
across fibrosis stages (FO—F4), assessing agreement for
each stage individually—unlike Cohen Kappa, which
provides an overall agreement between 2 raters. The
figure shows values for datasets without (Supplemental
Figures 10A, C, http:/links.lww.com/HC9/B966) and with
in-context learning (Supplemental Figures 10B, D, http:/
links.lww.com/HC9/B966), using selected and random
FOVs, respectively. The implementation of in-context
learning significantly improved the agreement for F4
cases, as demonstrated by the increase in Fleiss Kappa
from 0.54 to 1.00 for the selected dataset (Supplemental

Figures 10A, C, http:/links.lww.com/HC9/B966) and from
0.21 to 1.00 for random FOVs (Supplemental Figures
10B, D, http://links.lww.com/HC9/B966). Additionally, the
diagnostic accuracy (recall) rises from 40% to 100% with
the in-context approach for selected FOVs of F4 cases
(Figure 5B). Furthermore, even when random FOVs are
used, the diagnostic accuracy (recall) improves signifi-
cantly from 20% to 100% (Figure 5D). Overall, the in-
context learning strategies enhance ChatGPT's staging
performance, increasing the accuracy with random FOVs
from 54% to 77% (Figure 5C). However, this value
remains lower than the accuracy obtained with FOVs
selected by an expert liver pathologist (88%, Figure 5A).
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DISCUSSION

In this study, we provided comprehensive data on the
diagnostic accuracy of ChatGPT-4 in staging MASH.
We employed a large series of MASH WSiIs, each
accompanied by a histological diagnosis and collagen
area quantification. Selected and random FOVs from
this series were submitted to ChatGPT-4 with an
interaction mimicking the pathologist's approach while
interpreting liver fibrosis in histologic sections. Typically,
pathologists begin by evaluating tissue samples at
lower magnifications (4x) and then progress to higher
magnifications (10x and 20x). Following this approach,
ChatGPT-4 was provided with a series of images,
starting from lower to higher magnification. This
strategy, which involves applying a series of intermedi-
ate reasoning steps while interacting with LLMs, is
known as chain-of-thought prompting, and it has been
reported to enhance the model, performance on tasks
involving arithmetic, commonsense, and symbolic
reasoning.3®! As it happens during pathologists' assess-
ment, the lower magnification FOVs are already
endowed with a sufficient amount of relevant informa-
tion to collocate the biopsy in between 2 fibrosis stages
or to exclude the opposite cases. For example, for low
fibrosis extent (F1), ChatGPT immediately excludes the
possibility of F3—-F4 stages. The higher magnification
images are necessary to refine the description and the
final suggestion of the fibrosis stage, particularly for
lower fibrosis levels.

Using this step-by-step protocol and submitting
properly selected images, ChatGPT-4 demonstrated
an overall accuracy of 81% in staging MASH, compa-
rable to that of 2 expert liver pathologists (pathologists A
and B). The performance dropped to 54% with randomly
cropped images. This decline was expected to be
similar to the situation observed with junior pathology
residents who lack the skill to select the appropriate
region of interest for diagnostic purposes.*8l This
reflects the strong dependence of ChatGPT's
responses on the user and the presented FOVs.
Although our workflow relied on expert pathologist-
selected FOVs to ensure human-in-the-loop validation,
future adaptations could employ self-supervised or
weakly supervised algorithms to automate FOV selec-
tion. Such approaches can process larger image
datasets at once, potentially filtering regions of diag-
nostic interest with performance approximating that of a
senior pathologist.

Further observations emerged while dissecting
results according to the fibrosis stage. ChatGPT-4
performed best on F3 with selected (100%) and random
images (86%). On the other hand, the worst results
were observed for F4 (40% and 20% for selected and
random FOVs). This is in striking contrast to patholo-
gists' performance. Indeed, while the overall agreement
on F1, F2, and F3 strongly reflects the pathologist's

experience, the concordance on F4 was always the
highest observed. This unexpected result may suggest
that ChatGPT-4 is capable of recognizing fibrosis based
on the color of histopathological staining (red for Sirius)
and its extent within the tissue. However, its higher error
rate in F4 cases might be related to difficulties in
accurately identifying more complex structures, such as
nodular formations and the disruption of liver architec-
ture, although present in the shown images.

To improve upon this few-shot strategy, which relied
on different magnifications of the same biopsy, we
implemented a proof-of-concept in-context learning
approach. In this strategy, we provided ChatGPT with
examples of key defining features of fibrosis stages F1—
F4 before presenting the case under investigation. This
approach increased the overall accuracy of ChatGPT's
staging to almost 90% and 80% for selected and
random FOVs, respectively. Furthermore, the diagnos-
tic accuracy trend across fibrosis stages closely
matched the assessments performed by pathologists.
Specifically, the staging accuracy for more advanced
cases (F3-F4), which exhibit the most accordance
between pathologists[?837:381 and are most critical for
therapeutic and clinical decisions, reached 100%. By
contrast, the accuracy for early-stage cases (F1) was
lower at 43%, and the in-context strategy did not have
any improvement, which probably also reflects the
variability among pathologists in staging early-onset
fibrosis.

Our study may also suggest that fibrosis is inter-
preted by ChatGPT as a continuous process rather than
distinct categories, explaining its tendency to provide
indecisive diagnosis. Indeed, ChatGPT may respond
with an indecisive stage highlighting how some FOVs
are characterized by features related to contiguous
stages. To explore this aspect, we compared ChatGPT-
4's responses with CPA, a parameter representing the
total collagen area in liver biopsies and a crucial
predictor of clinical outcomes in liver diseases.[28:30]
We found a moderate to strong correlation between
ChatGPT-4's assessments and CPA, indicating that
ChatGPT-4's evaluations are not arbitrary but reflect a
nuanced understanding of the fibrosis process, as also
reported in the literature.[28.38]

Findings from traditional Convolutional Neural Net-
works (CNNs),[7:8:3437.39401  trained with annotated
WSis, are comparable to the results obtained in our
study using a general LLM like ChatGPT, which was not
specifically trained on medical images. However, CNN-
based tools are costly to develop and often remain
confined to their creating institutions, restricting broader
access. LLMs, such as ChatGPT-4, even though they
still would require extensive trials, might be considered
as an alternative method given their ease of use and
interactive approach, while also outsourcing the training
of the underlying model, which not all hospitals are
equipped to perform. While LLMs have already
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succeeded in text-based applications, offering potential
benefits in clinical decision support, patient engage-
ment, and public health efforts, their application on
multimodal data, such as medical images, is recently
emerging.

Additionally, a recent study by Ferber et all'é
revealed that by employing few-shot in-context prompt-
ing strategies, GPT-4V achieved classification accuracy
comparable to dedicated image classifiers, highlighting
the potential of multimodal LLMs to bridge the perform-
ance gap between generalist and specialized Al
systems in pathology.

Notably, our dataset has never been published or
made publicly available prior to this work, ensuring that
ChatGPT had no prior exposure to the images
employed here during its training process. This mini-
mizes bias and eliminates the possibility that the
model's performance was influenced by preexisting
familiarity with our dataset.

More generally, the development of foundation
models for medical Al demonstrated significant improve-
ments in interpreting diverse medical images, contrib-
uting to generalist Al capabilities in healthcare.*1-4%
Among them, in May 2024, Google has announced
Med-Gemini a family of LLM capable of interpreting
multimodal inputs coming from different sources (health
records, diagnosis reports, lab analysis) and imaging
modalities (radiology, histology, and microscopy).l*8!
Their performance is reported to be superior to
ChatGPT-4Vision by an average margin of 44.5%. We
could not validate these findings on our dataset since, at
the moment, this model is not widely available.

While LLM-based applications in diagnostic medicine
offer potential benefits, several limitations and ethical
concerns may affect their effective integration into
clinical practice. In general, these models are charac-
terized by numerous issues, such as data bias, limited
interpretability, accuracy, and reliability of the generated
information.*”#81 Moreover, the performance of these
models is heavily related to the representativeness and
quality of the training data, which is actually undisclosed
for closed-source models such as ChatGPT or
Gemini.*! Also, the lack of consistency in answers of
LLMs over time is a concern for large-scale applications
in the medical field.[5% However, the interaction strategy
between pathologists and LLMs through in-context
examples, which we tested in our study, could be
beneficial for improving explainability and guiding the
model's reasoning processes, ultimately fostering more
transparent and reliable Al-assisted diagnostics.

In summary, this study has been designed to provide
scientific data to enrich the discussion on the ongoing
application of generative Al technology to medicine and,
in particular, hepatology. Our objective was not to
debate the ethical aspects of this development or to
promote its use. Larger studies, prospective validations,
and additional training strategies will be required to fully

delineate the safe and effective integration of LLMs into
daily clinical practice.*248] The obtained results are
remarkable and, in agreement with other sources,2%!
show that ChatGPT can match the diagnostic accuracy
of expert liver pathologists in staging MASH if adequate
images are provided. Importantly, the application of an
in-context learning approach effectively resolved the
previously observed challenges with accurately classi-
fying F4 fibrosis cases. This enhancement not only
improved the model's ability to identify advanced
fibrosis stages but also reinforced its potential as a
reliable tool in diagnostic pathology. These findings
suggest that with appropriate guidance and structured
input, LLMs like ChatGPT can provide valuable
assistance to human expertise in clinical and research
settings.
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