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Abstract
Background  Determining cholecystitis severity via the clinically validated Parkland Grading Scale (PGS) is useful for pre-
dicting case difficulty and likelihood of postoperative complications. A panel assessment by multiple surgeons can reduce 
variation in PGS due to subjectivity, but is time-consuming. An artificial intelligence (AI) model trained on the assessments 
of an expert clinician panel may improve efficiency and reduce variability in diagnosis in image-based assessments.
Methods  Laparoscopic cholecystectomy videos were obtained from one public and two private data sources. Representa-
tive frames were chosen for PGS grading and manually labeled. Three surgical experts independently assigned PGS scores 
to the selected frames. They then convened as a panel to decide on the score if those were discrepant at individual scoring. 
Weighted Cohen’s kappa statistic was measured for inter-rater variability. Two AI models were developed for automated 
PGS grading and their accuracy and interpretability evaluated.
Results  319 videos were compiled. Three surgical experts independently assigned identical PGS grades for 51% of cases, 
and weighted Cohen’s kappa statistics ranged between 0.76 and 0.83. The accuracy of Model A using absolute agreement 
with the expert panel’s consensus was 69%, and weighted Cohen’s kappa statistic was 0.62. The accuracy of Model B using 
absolute agreement with the panel’s consensus was 72%, and weighted Cohen’s kappa statistic was 0.77. Interpretability 
analysis was conducted. Three anatomical structures played a key role in Model B’s grading of cholecystitis severity: the 
appearance of the gallbladder, liver, and omentum had notable impact on performance.
Conclusions  A transformer-based AI model can be trained on consensus from an expert panel to predict ratings of chol-
ecystitis severity (Parking Grading Scale), performing competitively with some individual experts at predicting PGS when 
compared to the panel-based ground truth. However, variance and subjectivity of PGS remain, thus presenting its limitations 
as a ground truth for computer vision-based models.
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Gallstone disease is common worldwide, and many 
patients require surgical treatment [1, 2]. Laparoscopic 
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cholecystectomy is the recommended therapy for patients 
with symptomatic gallstones and one of the most commonly 
performed surgical procedures in the United States [3–5]. 
Clinical symptoms, physical examination findings, and diag-
nostic studies can suggest the severity of cholecystitis. How-
ever, the true degree of inflammation is fully ascertained 
during surgery [6, 7]. Determining cholecystitis severity is 
useful for intraoperative planning and retrospective report-
ing of clinical outcomes. The Parkland Grading Scale is a 
five-tiered scale for assessing cholecystitis severity based on 
visual indications of inflammation during surgery [8]. The 
scale ranges from one, indicating normal anatomy, to five, 
indicating necrosis and perforation. The Parkland Grading 
Scale has been clinically validated and shown to outperform 
rival cholecystitis classification systems for predicting case 
difficulty and the likelihood of postoperative complications 
[9, 10].

The creators of the Parkland Grading Scale envisioned 
a way for multiple surgeons to assess cholecystitis severity 
using intraoperative images stored within a patient’s elec-
tronic medical record [8]. Combining expertise to produce 
a panel diagnosis has been shown to reduce variation due to 
subjectivity for image-based disease assessments [11–14]. 
However, clinician case review can be time-consuming. 
Thus, it is pertinent to automate assessment to reduce post-
operative clinician workload and potentially reduce variation 
in diagnosis due to subjectivity in image-based assessment. 
There is growing interest in using artificial intelligence (AI) 
to rapidly analyze videos of laparoscopic surgery [15, 16]. 
Previous research has established the feasibility of build-
ing AI models to predict cholecystitis severity based on the 
assessments of a single individual [17, 18]. Naturally, we 
posited that the diagnostic distribution of a panel of experts 
could also be modeled by computer vision-based AI. Thus, 
in this study, we measured inter-expert agreement for the 
assessment of cholecystitis severity and tested the capabili-
ties of an AI model to model an expert diagnostic panel. 
Then, we aimed to evaluate AI model performance for pre-
dicting the expert panel’s consensus and the distribution 
of experts’ independent assessments. Finally, we aimed to 
determine the relative contribution of specific visual objects 
for making accurate predictions.

Materials and methods

This study was approved by the Institutional Review Boards 
of the Stanford University School of Medicine (protocol 
number 57677) and Intermountain Health (protocol num-
ber 2020440). A waiver of informed consent was provided 
due to minimal risk to subjects. We followed the Standards 
for the Reporting of Diagnostic Accuracy Studies (STARD) 

2015 and the Minimum Information about Clinical Artificial 
Intelligence Modeling (MI-CLAIM) checklists [19, 20].

Data collection

We assembled a case series of laparoscopic cholecystec-
tomy videos from Intermountain Health and two publicly 
available sources. Intermountain Health is an integrated 
network of 33 hospitals located in the western United 
States. Twenty-six Intermountain surgeons at five facili-
ties recorded cases using standard laparoscopy equipment 
between July and November of 2021. Cholec80 is a pub-
licly available dataset of 80 laparoscopic cholecystectomy 
videos recorded by 13 surgeons at the University Hos-
pital of Strasbourg in France [21]. YouTube is an open 
video sharing platform and a common source of medi-
cal videos for building AI models [22, 23]. We collected 
laparoscopic cholecystectomy videos performed by over 
54 surgeons and 22 institutions across the globe on You-
Tube. All videos were deidentified using FFmpeg software 
and stored on a secure central server [24]. Members of 
the research team followed the Parkland Grading Scale 
protocol, extracting a single frame from each video. The 
chosen frame depicted the right upper abdominal struc-
tures after placement of all four laparoscopic ports. If the 
gallbladder was visualized easily, we selected a frame after 
grasping and cephalad retraction of the gallbladder but 
prior to dissection of the cystic pedicle, in line with the 
PGS methodology. In cases of severe inflammation that 
impeded mobilization or gallbladder visibility, a frame of 
the inflamed area was chosen [8]. All videos from the three 
sources were manually reviewed by the research team, and 
any cases that did not contain a gradable view for PGS-
based severity assessment were excluded (main reason was 
due to the video starting after the time of PGS definition).

Cholecystitis severity grading

Three clinical experts (DA, ES, and JJ) assessed cholecys-
titis severity for all cases using the initial view image. 
Their annotations were used for training the computer 
vision model. One surgical resident (GO) and three com-
puter scientists (EG, JA, and JY) provided additional PGS 
labels for all cases in the same manner, and these labels 
were used to benchmark the AI model against those with-
out extensive clinical backgrounds. Only the three clinical 
experts labels were used to create a final consensus PGS 
label for each case. The clinical experts were practicing 
surgeons with fellowship training in minimally invasive 
and bariatric surgery (DA), general surgical oncology 
(ES), and acute care and trauma surgery (JJ). All grad-
ers were trained to assess cholecystitis severity using the 
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Parkland Grading Scale [8]. Then, a diagnostic panel com-
prised of the three clinical experts (DA, ED, and JJ) col-
lectively determined a final consensus grade for every case 
during a plenary discussion [11].

Measuring inter‑expert agreement

We measured inter-expert agreement for cholecystitis sever-
ity grading among the three surgeons on the diagnostic 
panel. We determined the proportion of cases for which all 
three experts independently agreed, two experts agreed, or 
none of the experts agreed. We also assessed inter-expert 
agreement for clinical expert pairs using absolute agree-
ment and the weighted Cohen’s kappa statistic [25]. The 
weighted Cohen’s kappa statistic is a measurement of inter-
rater reliability that considers both absolute agreement and 
partial agreement with an increasing penalty as the distance 
between assessments widens. All statistical calculations 
were performed in R version 1.3.1073 using base R func-
tions and the irr package [26, 27].

Artificial intelligence model development

We created two AI models for the automated grading of 
cholecystitis severity using the Parkland Grading Scale. 
Model A was trained to predict the expert diagnostic pan-
el’s consensus grade. Model B was trained to additionally 
predict the distribution of the clinical experts’ independent 
assessments. Each model assigned grades to match the pre-
dicted probability distribution. For Model A, the distribution 
was based on the consensus prediction task. For Model B, 
the distribution was based on the secondary task of pre-
dicting the distribution of the clinical experts’ independent 
assessments.

We used a transformer-based neural network to construct 
our models [28]. Transformers are state-of-the-art computer 
algorithms that were originally used for natural language 
processing but have recently been adapted for image pro-
cessing [29]. Transformers constitute the latest generation 
of AI algorithms and have been shown to outperform convo-
lutional neural networks for analyzing medical images [30]. 
Both transformer models were pre-trained using the large-
scale ImageNet visual database [31, 32]. The laparoscopic 
cholecystectomy cases were divided into training, validation, 
and test subsets using a 60:20:20 distribution (191/64/64 
images). We used clinical experts’ independent grades and 
the panel consensus grades as the reference standard for 
model training. The vision transformers were trained using 
an Adam optimizer with a learning rate of 0.0001 and a 
batch size of 64 images. RandAugment was used to create 
simulated training data [33]. RandAugment is a technique 
that applies randomly selected image transformations, such 
as rotation, re-coloring, sharpening, or brightening, enabling 

a model to learn robustness to lighting changes and other 
spurious visual artifacts unrelated to the primary area of 
interest (e.g., the color of the gallbladder body). This helps 
ensure our model is focused on salient features of gallblad-
der inflammation. The number of sequential augmentations 
(N) was five, and the magnitude of transforms (M) was five. 
Each model was trained with early stopping monitoring 
the total model loss and stopped when total loss had not 
decreased for 20 epochs.

The best model throughout training, as evaluated by 
accuracy on the validation set, was chosen. Two objective 
functions were used for model optimization. A cross-entropy 
loss was used for panel consensus prediction, and a Kull-
back–Leibler divergence loss was used for predicting the 
distribution of the clinical experts’ independent grades. 
Cross-entropy loss is a measure of how well the model’s 
predictions match the ground-truth distribution. In practi-
cal terms, for each case, the model produces a probability 
for every possible diagnosis or category (e.g., inflammation 
grades 1–5). Cross-entropy loss increases when the model 
assigns low probability to the correct rating and decreases 
when the model assigns high probability to the correct rat-
ing. A lower cross-entropy loss indicates that the model is 
making predictions more confidently and accurately. Dur-
ing training, the model adjusts itself to minimize this loss, 
gradually learning to assign higher probability to the correct 
diagnosis or label for each example. The KL divergence loss 
is also one of the most commonly used objectives in deep 
learning and we employ this loss to compare the predicted 
distribution of a panel diagnosis to the ground-truth distri-
bution given by our expert annotators. For Model A, only 
the consensus cross-entropy loss was optimized. For Model 
B, the weighted sum of both losses was optimized, with a 
0.8 coefficient on the Kullback–Leibler divergence loss and 
a 0.2 coefficient on the panel consensus prediction loss. 
These weights were chosen to sum to one and chosen via 
hyperparameter optimization. The models were trained using 
PyTorch and python on RTX 3090 graphic processing units 
[34]. Figure 1 displays the model architecture and losses.

Performance evaluation

We measured individual grader accuracy by comparing 
independent assessments with the panel consensus refer-
ence standard for all 319 cases using absolute agreement and 
the weighted Cohen’s kappa statistic. We measured model 
accuracy by comparing the predicted cholecystitis severity 
grade with the panel consensus using absolute agreement 
and the weighted Cohen’s kappa statistic for the test cases 
unseen by the model throughout training. We also measured 
model accuracy by comparing the predicted distribution of 
experts’ independent assessments with the actual distribu-
tion of assessments using absolute agreement.
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Model interpretability

We evaluated the interpretability of the model using occlu-
sion experiments. Occlusion experiments use segmenta-
tion masks to obscure objects with black pixels to show 
which visual elements within the images are most critical 
for making correct predictions. Members of the research 
team created segmentation masks for key anatomic struc-
tures and instruments within the 64-image test set, including 
the gallbladder, the liver, the abdominal fat/omentum, the 
abdominal wall, the gastrointestinal tract, graspers, and the 
dark image background. We then calculated the proportion 
of cases for which masking an object changed the model’s 
prediction from correct to incorrect. Annotations were per-
formed using hasty.ai, an online annotation platform [35].

Results

We compiled a dataset of 319 laparoscopic cholecystec-
tomy videos: 76 from Cholec80, 86 from Intermountain 
Healthcare, and 160 from YouTube. In this study, YouTube 
videos were used to supplement training of our PGS clas-
sifier, employing a weighted sampler to ensure balanced 
exposure to all PGS levels during model development. 
This approach enables our models to generalize across the 
full spectrum of disease severity and learn salient features 
of inflamed gallbladders, rather than being limited by the 
frequency distribution seen in typical clinical practice. 
The distribution of the graders’ independent assessments 
of cholecystitis severity and the expert diagnostic panel’s 
consensus are shown in Fig. 2.

Fig. 1   Artificial intelligence models for grading of cholecystitis severity using intraoperative images
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Inter‑expert agreement

All three clinical experts independently assigned identical 
cholecystitis severity grades for 163 of 319 cases (51%). 
Two of the three experts agreed for 142 of 319 cases (45%), 
and all three experts disagreed for 14 of 319 cases (4%). 
Absolute agreement and weighted Cohen’s kappa statistics 
for clinical expert pairs are shown in Table 1.

Performance evaluation

The median accuracy of the individual graders using abso-
lute agreement with the expert panel’s consensus was 72% 
(range: 60–79%). The median grader accuracy using the 
weighted Cohen’s kappa statistic considering proximity to 
the panel’s consensus was 0.83 (range: 0.73–0.90). Indi-
vidual grader accuracy stratified according to the level of 
clinical training with clinicians performing slightly better 
than the computer scientists.

The accuracy of Model A using absolute agreement 
with the expert panel’s consensus was 69%, and the 
weighted Cohen’s kappa statistic was 0.62. On average, 
Model A, which was not explicitly trained to predict the 
distribution of the clinical experts’ independent assess-
ments, correctly predicted 1 of 3 independent assessments 
compared with the reference standard distribution. The 
accuracy of Model B using absolute agreement with the 
panel’s consensus was 72%, and the weighted Cohen’s 
kappa statistic was 0.77. Model B, which was trained to 
predict the distribution of the clinical experts’ independent 
assessments, correctly predicted 2 of 3 independent assess-
ments compared with the reference standard distribution. 
Performance data for members of the research team and 
the AI models are displayed in Table 2.

Model interpretability

Masking the gallbladder in the test set images resulted in a 
change in Model B’s prediction for 14 of 64 cases (22%). 
Masking the liver or abdominal fat/omentum resulted in a 
change in Model B’s prediction for 11 of 64 cases (17%) 
and 10 of 64 cases (15%), respectively. In contrast, mask-
ing the gastrointestinal tract, graspers, or the black border 
around the image led to misclassification in only 2 of 64 
cases (4%). Results of the object occlusion experiments 
are shown in Fig. 3.

Fig. 2   The distribution of graders’ independent cholecystitis severity assessments and the expert diagnostic panel’s consensus

Table 1   Measurements of inter-expert agreement for the assessment 
of cholecystitis severity for clinical expert pairs

Expert pair Absolute 
agreement no. 
(%)

Weighted 
Cohen’s 
kappa

Clinical expert 1 vs. Clinical expert 2 210/319 (66%) 0.78
Clinical expert 1 vs. Clinical expert 3 215/319 (67%) 0.76
Clinical expert 2 vs. Clinical expert 3 206/319 (65%) 0.83
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Discussion

In this study, we found inter-expert agreement for the diag-
nosis of cholecystitis severity using the Parkland Grading 
Scale, and a single intraoperative image was imperfect. 
We developed two transformer-based AI models to pre-
dict the consensus of an expert diagnostic panel, and one 
of the models also predicted the distribution of the panel 
members’ independent assessments. The accuracy of our 
best model was comparable to experienced clinicians when 
comparing individual cholecystitis severity assessments 
with the expert panel reference standard. With the occlu-
sion experiments, we also showed the model relied on the 
appearance of key anatomic structures included in the 

Parkland Grading Scale criteria to make accurate predic-
tions. To our knowledge, this is the first attempt to use 
AI to model an expert diagnostic panel to automate the 
assessment of cholecystitis severity using the Parkland 
Grading Scale. In addition, this is the first use of a state-
of-the-art transformer-based neural network architecture 
for this task.

The creators of the Parkland Grading Scale reported 
excellent inter-rater reliability when considering the proxim-
ity of ratings along the five-tiered scale using the intra-class 
correlation coefficient [8]. We also observed reasonable 
inter-expert agreement using the weighted Cohen’s kappa 
statistic. However, we found all three clinical experts inde-
pendently agreed for only half of the cases. This underscores 
the inherent subjectivity of assessing cholecystitis severity 

Table 2   Performance evaluation 
for individual graders and the 
artificial intelligence models

a Predicts diagnostic panel consensus only
b Predicts diagnostic panel consensus and independent expert ratings

Rater No. (%) absolute agreement with 
diagnostic panel consensus

Weighted Cohen’s kappa statistic for 
agreement with diagnostic panel con-
sensus

Clinical expert 2 253/319 (79%) 0.83
Clinical expert 1 251/319 (79%) 0.90
Clinical expert 3 232/319 (73%) 0.85
Clinical trainee 230/319 (72%) 0.84
Computer scientist 3 209/319 (68%) 0.73
Computer scientist 2 216/319 (65%) 0.78
Computer scientist 1 209/319 (60%) 0.79
Model Aa 44/64 (69%) 0.62
Model Bb 46/64 (72%) 0.77

Fig. 3   Results of occlusion experiments for model interpretability. Examples of masking A the abdominal wall, B the liver, C the abdominal fat/
omentum, and D the gallbladder. E Percentage of miss-classified cholecystitis severity grades by masked object
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using the Parkland Grading Scale. During the expert panel’s 
plenary discussion, we noted the surgeons tended to agree on 
the appearance of visual indications of inflammation within 
an image. However, they did not always agree on how those 
indicators fit within the Parkland Grading Scale. For exam-
ple, the level of omental adhesions to the gallbladder is one 
criterion included in the scale. The definition for grade three 
is “adhesions to the body,” while the definition for grade 4 
is “adhesions obscuring the majority of the gallbladder.” [8] 
Traditionally, the gallbladder is anatomically divided into 
thirds: the neck, the body, and the fundus. Experts debated 
whether the threshold for the majority of the gallbladder 
surface area should be greater than one half, which would 
include the body, or greater than two thirds, which would 
require adhesions to reach the fundus. As a result, experts 
felt many cases fell somewhere between the two grades and 
had to clarify the definition to reach a consensus.

The subjectivity of assessing cholecystitis severity using 
the Parkland Grading Scale presents a challenge when try-
ing to establish a reference standard for training and evalu-
ating AI models. Previous work to develop AI models for 
predicting cholecystitis severity using the Parkland Grading 
Scale relied on the assessments of a single individual [17]. 
Combining expertise to produce an expert panel diagnosis 
may reduce variation due to subjectivity [11–14]. In our 
study, using the ratings of a single expert to train the AI 
models would have inherently limited model performance 
when comparing predictions with the panel’s consensus. If 
we consider inter-expert consensus to achieve Bayes error 
rate, defined as the lowest conceivable error rate given the 
distribution of the data, any single expert would provide 
reference standard grades with only 79% accuracy at best.

Despite the inherent challenges of training an AI model to 
grade cholecystitis severity using qualitative criteria based 
on clinical judgment, we were able to build a model with 
prediction accuracy comparable to trained clinicians. It is 
important to note that the AI model described in this study 
is not intended for direct clinical decision support but rather 
serves as an initial demonstration of technical feasibility 
and as a foundation for future development of clinically 
robust systems that explicitly account for inter-expert vari-
ability in grading disease severity. Previous research used 
convolutional neural networks to model the prediction of 
cholecystitis severity using the Parkland Grading Scale [17, 
18, 36]. We used a state-of-the-art transformer architecture, 
which has been shown to outperform convolutional neural 
networks for medical imaging analysis [30]. We also found 
the use of individual experts’ independent assessments to 
train the model slightly improved the accuracy of Model 
B over Model A. The difference in these models was that 
Model B was given access to the expert consensus as well 
as the individual pre-consensus expert grades. This latter 
information likely provides useful auxiliary information for 

understanding the nuance between different cholecystitis 
severity grades. This was reflected in the weighted Cohen’s 
kappa statistics for the models, which consider both absolute 
agreement and the closeness of agreement between predic-
tions and reference labels. Moving forward, this predicted 
distribution of individual experts’ independent assess-
ments could provide an estimate of the model’s degree of 
confidence.

Finally, we demonstrated that anatomy, and most impor-
tantly the appearance of the gallbladder itself, played a key 
role in Model B’s grading of cholecystitis severity. In addi-
tion, two other key structures, the liver and the omentum, 
had a notable impact on performance. These three ana-
tomic structures feature prominently in the Parkland Grad-
ing Scale criteria. Interestingly, even when the gallbladder 
was masked, the model incorrectly predicted cholecystitis 
severity only 22% of the time. This suggests multiple visual 
elements and the spatial relationships between them work 
together to provide information about cholecystitis severity. 
Previous research has demonstrated the interpretability of AI 
models by incorporating qualitative criteria from the Park-
land Grading Scale within the prediction tasks [36]. We offer 
an additional method for evaluating interpretability based on 
segmentation masking that could shed new light on the rela-
tionships between specific anatomic structures and surgical 
instruments when assessing cholecystitis severity.

Limitations to the study include reliance of the Parkland 
Grading Scale on individual clinical judgment, which affects 
the reliability of the scale. We assembled an expert diagnos-
tic panel to minimize bias related to variations in individual 
tendencies. However, we found that limitations inherent in 
the scale still presented difficulties for the panel members. 
While our dataset included a variety of cases performed by 
multiple surgeons from institutions across the globe, the 
true distribution of cholecystitis severity among the general 
population of patients who undergo laparoscopic cholecys-
tectomy remains unknown. If the distribution of case sever-
ity for a particular institution varies dramatically from that 
used in our study, model retraining may be needed prior 
to direct application. Finally, although the Parkland Scale 
has been clinically validated, clinical indicators of disease 
severity were not available for graders to review and were 
not included in the model [9]. Clinical data could be useful 
for strengthening the validity of disease severity assessments 
and model predictions.

The creators of the Parkland Grading Scale aimed to 
develop a simple, reliable system for classifying disease 
severity and operative difficulty during laparoscopic chol-
ecystectomy [8–10]. Ease of use is one strength of the 
Parkland Scale, and we observed that non-clinician com-
puter scientists could be trained to perform disease severity 
assessment with accuracy not much below medical profes-
sionals. However, we also noted inherent limitations in the 
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qualitative criteria of the scale. AI can perform rapid cal-
culations beyond human ability. Quantification could allow 
for a more nuanced characterization of cholecystitis severity. 
For example, AI could specify the density of omental adhe-
sions in relation to gallbladder surface area along a continu-
ous scale. We imagine similar possibilities for other aspects 
of disease severity, including the degree of hyperemia and 
edema. Future work on the automated assessment of chol-
ecystitis severity should focus on developing a grading sys-
tem that leverages the computational strength of AI while 
encompassing the needs of practicing surgeons. While our 
study examined how modeling consensus among experts can 
improve the robustness of AI models for disease severity 
assessment, future work should incorporate strategies from 
active learning and uncertainty quantification to better char-
acterize clinician-provided ground-truth labels with confi-
dence scores. For example, follow-up studies could explore 
weighting labels from experts according to their level of 
certainty, particularly for subjective grading systems like 
PGS, enabling the model to calibrate its reliance on human 
annotations during training.

Distinctively, in comparison to prior work, we relied on 
consensus of a panel of expert clinicians to build an accu-
rate transformer-based AI model to predict ratings of chol-
ecystitis severity derived from the Parking Grading scale. 
This model also predicted the individual assessments of the 
clinical experts who provided this consensus. Interestingly, 
our work showed the variance and subjectivity of PGS even 
among experienced clinicians and illustrates the limitations 
of the Parking Grading Scale as a ground-truth for computer-
vision-based models. Our findings highlight the potential 
of AI as a robust evaluative tool; however, for it to serve 
effectively in clinical decision-making, there is a need for 
rating scales tailored for AI comprehension. Directions for 
future research should shift to developing methods that take 
advantage of the computational strengths of AI to produce a 
more nuanced characterization of disease severity that tran-
scends human capabilities.
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