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Abstract

Gangrenous cholecystitis (GC) represents the most severe pathological subtype of acute
cholecystitis, yet its preoperative diagnostic rate remains below 10%. Conventional scoring
systems based on logistic regression demonstrate limited predictive performance. A
comprehensive literature search was conducted across PubMed, Web of Science, Embase,
and CNKI databases for publications from January 2020 to December 2025. The search
strategy combined Medical Subject Headings (MeSH) terms and free-text keywords,
including “gangrenous cholecystitis”, “gallbladder gangrene”, “artificial intelligence”,
“machine learning”, “deep learning”, “prediction model”, and “risk factor”, linked by
Boolean operators (AND/OR). Inclusion criteria comprised: (1) original research articles on
AI/ML/DL models for GC prediction or diagnosis; (2) studies reporting model performance
metrics (AUC, sensitivity, specificity); and (3) publications in English or Chinese.
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Exclusion criteria encompassed case reports, editorials, conference abstracts, and studies
lacking quantitative model evaluation. Two independent reviewers screened titles and
abstracts, followed by full-text review of potentially eligible articles; disagreements were
resolved through consensus with a third senior reviewer. Data extraction captured study
design, sample size, Al algorithm type, input features, and performance metrics. Given the
substantial heterogeneity across study designs, a narrative synthesis approach was adopted.
Machine learning models—particularly XGBoost and Random Forest—achieved AUC
values up to 0.944 in preoperative GC prediction, substantially outperforming traditional
scoring systems. Deep learning models integrating non-contrast and contrast-enhanced CT
attained an AUC of 0.965 in multicenter validation. Explainable Al (XAI) employing
SHAP (SHapley Additive exPlanations) identified novel risk factors, including

hypokalemia and hyponatremia. Al demonstrates considerable potential in GC risk

stratification; however, prospective validation, multicenter.

Keywords: Gallbladder gangrene, gangrenous cholecystitis, artificial intelligence, machine

learning, deep learning, explainable Al, prediction model, review

INTRODUCTION

Acute cholecystitis is among the most common acute abdominal conditions encountered in
clinical practice. Epidemiological data from China indicate an annual incidence of
approximately 0.15%-0.23%!!l. Among its subtypes, gangrenous cholecystitis (GC) is the
most fulminant pathological variant, characterized pathologically by full-thickness
ischemic necrosis of the gallbladder wall, with a reported prevalence of 2%-30% among
acute cholecystitis cases!?3l. The perioperative complication rate of GC is approximately
two- to three-fold higher than that of non-gangrenous cholecystitis, and GC is associated

with markedly prolonged hospital stays and increased healthcare expenditures!>#,

Preoperative diagnosis of GC has long posed a formidable challenge in hepatobiliary
surgery. A retrospective cohort study by El Asmar et al. demonstrated that among 122
patients with GC, the preoperative diagnostic accuracy was merely 7.4%, with over 90% of

GC cases being missed prior to surgery?l. This diagnostic shortfall results in delayed

DOI: 10.20517/scierxiv202607.0493.v1 2 https://www.scierxiv.com/


https://www.scierxiv.com/

intervention—once GC is confirmed, emergent surgery is mandated, whereas patients
without GC may be managed conservatively or scheduled for elective cholecystectomy!>-61.
Consequently, accurate preoperative identification of patients at high risk for GC is of
critical importance for optimizing clinical decision-making and improving patient outcomes.
The present review employs a narrative review methodology. A systematic search was
conducted across PubMed, Web of Science, Embase, and the China National Knowledge
Infrastructure (CNKI) databases for publications spanning January 2020 to December 2025.
The search strategy combined Medical Subject Headings (MeSH) terms with free-text
keywords, including “gangrenous cholecystitis”, “gallbladder gangrene”, “artificial
intelligence”, “machine learning”, “deep learning”, and “prediction model”, connected by
Boolean operators (AND/OR). Inclusion criteria were: (1) original research on AI/ML/DL
models for GC prediction or diagnosis; (2) studies reporting model performance metrics
(AUC, sensitivity, specificity); and (3) publications in English or Chinese. Exclusion
criteria comprised case reports, editorials, conference abstracts, and studies lacking
quantitative model evaluation. Two independent reviewers screened the literature, with
disagreements resolved through consensus discussion. Given the considerable

heterogeneity in study design, algorithm type, and outcome measures among the included

studies, a narrative synthesis—rather than a quantitative meta-analysis—was adopted.

Traditional identification of GC risk factors has relied predominantly on univariate analysis
and multivariable logistic regression. Currently established risk factors include advanced
age, male sex, diabetes mellitus, cardiovascular disease, elevated white blood cell (WBC)
count, elevated C-reactive protein (CRP), gallbladder distension, and pericholecystic
fluid™7#1. Clinical scoring systems constructed from these risk factors, such as the Yacoub
score, have been applied but demonstrate only modest predictive performance (AUC 0.75-
0.78)P1. These scoring tools harbor several inherent limitations—they assume linear
relationships among variables, incorporate a limited number of predictors, and largely fail

to integrate imaging information!‘l.

In recent years, artificial intelligence (AI) technologies have achieved breakthrough

11,12]

advances in medicine! Machine learning (ML) algorithms can discern non-linear
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relationships within high-dimensional datal'»'%, deep learning (DL) models can

AlVi

automatically extract features from imaging datal'®l, and explainable AI (XAI) provides

b

methodological support for bridging the gap between “black-box” models and clinical
trust!!®), In the GC domain, two landmark studies in 2025—Ma et al.!”! achieving an AUC
of 0.944 using XGBoost on a single-center cohort of 1,006 patients, and Hu et all'®
validating a multicenter model using Random Forest—signal that Al-based GC prediction
has entered the clinical validation phase. Contemporaneously, Guo et al.['] integrated self-
supervised learning with multicenter CT imaging, attaining a model AUC of 0.965, thereby

introducing imaging-based deep learning into preoperative GC diagnosis and pioneering an

entirely novel technical pathway.

The present review aims to systematically examine the application of Al technologies in
GC risk factor identification and prediction over the past five years, spanning three
dimensions: machine learning models for structured clinical data, deep learning models for
imaging data, and emerging Al technologies. We further discuss current challenges and
future directions, with the goal of providing a reference framework for precision diagnosis

and treatment of GC.

TRADITIONAL RISK FACTORS FOR GANGRENOUS CHOLECYSTITIS
Demographic and comorbidity factors

Traditional risk factors for GC have been extensively investigated. With respect to
demographics, advanced age is the most consistently identified independent risk factor. El
Asmar et al.!? reported in a retrospective cohort study that, after adjusting for sex, diabetes,
coronary heart disease, and hypertension, each one-year increase in age was associated with
an approximately 3% increase in the risk of acute gangrenous cholecystitis (OR = 1.03,
95% CI: 1.01-1.05, p = 0.009). Liu Nanbin et al.?%! similarly confirmed that age > 60 years
constitutes an independent risk factor. Male sex represents another independent predictor.
Multivariable logistic regression analysis by El Asmar ef al?! showed that the risk of
developing acute gangrenous cholecystitis in males was approximately 1.9 times that in
females (OR = 1.897, 95% CI: 1.024-3.513, p = 0.042). Notably, some heterogeneity

persists across studies regarding whether male sex qualifies as an independent predictor;

DOI: 10.20517/scierxiv202607.0493.v1 4 https://www.scierxiv.com/



https://www.scierxiv.com/

certain investigations failed to retain male sex as an independent risk factor in multivariable

analysis?!l, a finding potentially attributable to differences in population characteristics,

sample size, and collinearity—warranting further exploration.

With respect to comorbidities, diabetes mellitus (DM) is the most extensively studied
comorbidity-related risk factor, with multiple studies confirming that DM patients face a
significantly elevated risk of progression from acute cholecystitis to gangrenel®?2). El
Asmar et al."?! identified DM as an independent predictor of GC complicated by sepsis (OR
=2.67, 95% CI: 1.08-6.60, p = 0.033). Cardiovascular disease constitutes an important risk
factor for GC, with its mechanism primarily mediated through gallbladder wall
hypoperfusion secondary to atherosclerotic changes in the cystic artery®*l. Underlying
cardiovascular pathology—such as coronary atherosclerosis and heart failure—can
intrinsically cause thickening of the gallbladder microvasculature and luminal narrowing.
In the setting of superimposed systemic hypoperfusion events (e.g., acute myocardial
infarction, open-heart surgery, aortic surgery), cystic artery perfusion is further
compromised, leading to gallbladder wall (particularly mucosal layer) ischemia and
necrosis, with rapid progression to gangrenous cholecystitis!?}l. Furthermore, vagal reflexes
triggered by cholecystitis may exacerbate myocardial ischemia, establishing a vicious
“ischemia-inflammation” cycle that further elevates the risk of GC?*l, Portal hypertension-
induced gallbladder wall edema, congestion, and coagulopathy also jointly contribute to

increased GC risk and surgical complexity!?4].

Laboratory parameters

With respect to laboratory parameters, elevated WBC count is the most classical biomarker
for GC; the Tokyo Guidelines 2018 (TG18) incorporate WBC > 18 x 10%/L as a criterion
for severe acute cholecystitisl®l. Procalcitonin (PCT) exhibits substantially higher
specificity for cholecystitis complicated by severe systemic infection (Tokyo Guidelines
Grade IIT) compared with CRP (92.1% vs. 69.7%), achieving a negative predictive value of
96.5% at a cutoff of > 5.095 ng/mLI?), Elevated D-dimer (>1.18 pg/mL) is an independent
risk factor for gallbladder gangrene (OR = 4.03), implicating local circulatory disturbance
and gallbladder wall microthrombosis in the pathogenesis of GCP?!l. The neutrophil-to-
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lymphocyte ratio (NLR) and the Systemic Immune-Inflammation Index (SII) are composite
inflammatory indices that have attracted considerable attention in recent years. Zheng et
al.>!1 demonstrated that SII significantly outperformed CRP, WBC, and PCT in predicting
GC (AUC: 0.880 vs. 0.797/0.726/0.773, p < 0.05), a finding subsequently corroborated by
Ardelean et al.?®! (SII AUC = 0.889). Non-neoplastic elevation of CA19-9 in GC is a
phenomenon increasingly recognized in recent years. Zheng et al.l*') identified CA19-9 >
18.8 U/mL as an independent risk factor for gallbladder gangrene (OR = 7.21), with the
putative mechanism involving severe inflammation-induced damage to biliary epithelial
cells and increased CA19-9 releasel>!-?7), Notably, thrombocytosis during the active phase
of GC (platelet count > 351 x 10%L) reflects a systemic inflammation-driven
hypercoagulable state and serves as an independent risk factor for gallbladder gangrenel®!/;
conversely, when GC is complicated by sepsis or disseminated intravascular coagulation

(DIC), platelet counts may decline markedly due to consumptive coagulopathy!?8].

Imaging features

With respect to imaging, gallbladder distension is a strong predictor of GC. El Asmar et
al.?! determined, through ROC curve analysis, that a transverse gallbladder diameter > 3.85
cm represents the optimal cutoff for differentiating GC from non-gangrenous cholecystitis.
Multivariable logistic regression demonstrated that patients with a transverse diameter >
3.85 cm faced an approximately 3.42-fold increased risk of GC compared with those with a
diameter < 3.85 cm (OR = 3.42, 95% CI: 1.786-6.562, p < 0.001). Zheng et al.?!! likewise
confirmed that gallbladder distension is an independent risk factor for gallbladder gangrene
(multivariable OR = 6.47, 95% CI: 2.19-19.10, p < 0.001), with a detection rate of 63.7% in

the gangrene group, substantially higher than the 18.5% observed in the non-gangrene

group.

Gallbladder wall thickening (> 4 mm) is a classical diagnostic criterion for acute
cholecystitis(®); however, it should be noted that this sign per se is not specific for GC—it
can occur in both simple and gangrenous cholecystitis, reflecting inflammatory edema of
the gallbladder walll®l. The key imaging findings truly indicative of GC are structural loss

within necrotic regions of the gallbladder wall, manifested on ultrasound as loss of the
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mucosal line/wall interface echogenicity, wall de-lamination, asymmetric wall thickening,
or intraluminal floating necrotic membranes, with an incidence exceeding 90%[?°%. Color
Doppler ultrasound (CDUS) and contrast-enhanced ultrasound (CEUS) further enhance the
specificity of GC diagnosis by demonstrating focal perfusion defects in the gallbladder
wall—CEUS-demonstrated wall perfusion defects can achieve a specificity of 100% (PPV
100%)B3Y. On contrast-enhanced CT, GC manifests as heterogeneous wall enhancement,
focal non-enhancing areas, or even wall discontinuity (irregular or absent wall)32l; in a
study of 31 GC cases, focal reduced enhancement was observed in 80% of patients
undergoing contrast-enhanced scanning®%l. In essence, wall thickening reflects the degree

of inflammation, whereas wall thinning/structural loss/perfusion defects represent the

specific signs indicative of gangrenous transformation!6-3!-32],

Limitations of traditional scoring systems

Several GC prediction scoring systems have been developed based on the aforementioned
factors. Wu et al.*%], based on a retrospective analysis of 5,243 cholecystectomy patients,
proposed a simplified scoring system (0-5 points) comprising four factors: age (stratified
scoring: < 45 years = 0, 46-65 years = 1, > 65 years = 2), heart rate > 90 bpm, WBC >
13,000/mm?, and gallbladder wall thickening > 4 mm, achieving a modified AUC of 0.77.
Earlier, Yacoub er al.** proposed a five-factor score (0-6.5 points) including male sex (2
points), age > 45 years (1 point), heart rate > 90 bpm (1 point), WBC > 13,000/mm? (1.5
points), and gallbladder wall thickening > 4.5 mm (1 point); however, male sex lost
statistical significance in Wu et al.’s multivariable analysis. Bouassida et al.®! further
proposed a new scoring system in 2021 incorporating six factors—ASA score 3-4, body
temperature, symptom duration, WBC, male sex, and pericholecystic fluid—achieving an

AUC of 0.83, outperforming both prior scoring systems.

Nevertheless, these scoring systems harbor inherent limitations: (1) reliance on the linearity
assumption of logistic regression, rendering them incapable of capturing interaction effects
and non-linear relationships among variables; (2) incorporation of a limited number of
variables, resulting in suboptimal information utilization; (3) lack of deep integration of

imaging features; (4) absence of external and prospective validation in the majority of cases;
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and (5) inability to provide individualized contribution analysis, yielding insufficient
clinical interpretability. These limitations create the methodological space for Al
technologies. Moreover, from a deeper methodological perspective, these traditional
scoring systems suffer from additional deficiencies: (6) absence of a temporal dimension—
all scores are derived from single cross-sectional data at admission and cannot capture the
dynamic trajectory of inflammation from onset to necrosis, even though temporal change
patterns per se may harbor important predictive information; (7) failure to integrate the
increasingly rich repertoire of novel composite inflammatory biomarkers, such as NLR, SII,
and D-dimer, which have been validated as independent predictors of GC in multiple
studies?!?%); and (8) incomplete reporting of model calibration and decision curve analysis
(DCA) for published scoring systems, hindering assessment of their net clinical benefit in

real-world settings. These limitations collectively provide ample methodological rationale

and clinical demand-driven impetus for the introduction of Al technologies.

MACHINE LEARNING PREDICTION MODELS BASED ON STRUCTURED
DATA

Application of traditional machine learning algorithms

In 2025, Ma et al.l'" published the largest GC machine learning prediction study to date.
This investigation enrolled 1,006 patients with cholecystitis (897 in the training/validation
set, 109 in the external test set), including 208 in the GC group and 689 in the non-GC
group. The authors collected 26 clinical features and constructed and compared five models:
decision tree, support vector machine (SVM), random forest (RF), XGBoost, and AdaBoost.
Through five-fold cross-validation, XGBoost was identified as the optimal model,
achieving an AUC of 94.4% (95% CI: 88.80%-98.39%) on the external test set (n = 109),
significantly outperforming the preoperative clinical diagnostic accuracy of 86.95%. The
study also developed a streamlined model comprising only seven variables (WBC, NLR,
D-dimer, fibrinogen, gallbladder = width, gallbladder wall thickness, and
hypokalemia/hyponatremia), which maintained high predictive performance while reducing
data acquisition costs, and released a Streamlit-based online prediction application
(https://gangrenous-cholecystitis-prediction-model.streamlit.app/),  enabling  real-time

probability prediction and visualization of variable contributions.
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In the same year, Hu et all'® published the first multicenter GC machine learning
prediction model. Employing multicenter retrospective data, the study enrolled 1,044
patients (521 in the training set, 223 in the test set, 300 in the external validation set),
including 210 GC patients. Through dual variable selection using LASSO regression and
the Boruta algorithm, 10 predictors were ultimately identified, and a random forest-based
prediction model was developed and externally validated, achieving an AUC of 0.818 (95%
CI: 0.763-0.873) on the external validation set. SHAP (SHapley Additive exPlanations)
analysis identified gallbladder wall thickening, CRP, pericholecystic fluid, WBC, and
impacted stones as the five most important predictive features. Multicenter external
validation confirmed the model’s generalizability, providing a reliable tool for preoperative

GC risk stratification.

These two studies represent the current state of the art in structured-data ML prediction for
GC. Notably, Ma et all'l found that commonly used oversampling methods such as
SMOTE paradoxically exacerbated overfitting in GC prediction—a finding of
methodological significance for future research. Table 1 systematically summarizes the
model architectures and performance metrics of representative studies in the GC-AI
prediction domain. It is particularly noteworthy that although both Ma et al.l'”! and Hu et
al"81 employed tree ensemble models (XGBoost vs. Random Forest), a marked
performance gap exists between them (AUC 0.944 vs. 0.818). This discrepancy may be
attributable to the following factors: (1) differences in data source—Ma et al. used single-
center data, which may have led to overfitting center-specific patterns, whereas Hu et al.
provided more conservative and reliable performance estimates through multicenter
external validation; (2) differences in the predictor variable set—Ma et al.’s model
incorporated hypokalemia/hyponatremia, a highly discriminative variable (GC group 87.7%
vs. non-GC group 48.1%), which may have substantially enhanced discriminative capacity;
and (3) differences in sample size—Ma et al.’s training set (n = 897) was approximately 1.7
times larger than that of Hu et al. (n = 521). We recommend that future studies conduct

head-to-head model benchmarking under a unified variable set and standardized
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preprocessing pipeline to more reliably assess the relative merits of different algorithms in

GC prediction.

Table 1. Summary of representative AI models for gangrenous cholecystitis prediction.

Study

Year

Algorith N (Total/ AUC

m GC)

Sensitivity  Specificity Key

Features

Ma et
al. [17]

Hu et al.

[18]

Guo et
al. [19]

Guo et
al. [19]

2025

2025

2025

2025

XGBoost

1,006/  0.944

208

1,044 /
210

Random 0.818

Forest

seResNet 1,228/ — 0.965
-50 *
(SSL)

seResNet wval: 143/ 0.879
-50 164 /0.88
(SSL) 7d

Single-
center; 7-
variable
simplified
model;
online App;
SHAP
Multicenter
(3 cohorts);
LASSO +
Boruta;
SHAP
0.88%* 0.95%* Multicenter
CT; non-
contrast +
contrast
fusion; SSL
pre-training
0.77/0.76%  0.83/0.84¢ Independen
t
validation;
outperform
ed
radiologists

(AUC
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0.721/0.703
)
Bouassi 2021  Logistic — 0.83 — — Traditional
da et al. score scoring (6
[9] factors); no
imaging
integration
Chenet 2026 Stacking — 0.82s 0.714s 0.831° Clinical-
al. [41] ensemble radiomics
+ fusion;
radiomics suppurative
cholecystiti
S
Jayanthi 2026 SE- 10,692 — 0.976¢ 0.993¢ Ultrasound
et al. CapsNet images DL; 9-
[39] + class; GC
BiLSTM as
independen
t class (C4)

*Training set; ¢ = Validation set I / Validation set II performance; * = External test set; ¢ = Test set (C4:
membranous & gangrenous cholecystitis subclass). AUC = area under the ROC curve; GC = gangrenous
cholecystitis; SSL = self-supervised learning; SHAP = SHapley Additive exPlanations; Se = sensitivity; Sp =
specificity.

Introduction of explainable artificial intelligence

Although machine learning models have demonstrated excellent performance in GC
prediction, their “black-box” decision-making mechanisms impede clinical adoption.
Surgeons need to understand why a model makes a given prediction before incorporating it
into clinical decision-making. Explainable Al (XAI) serves as a critical bridge across this
chasm by providing transparent explanations of model decisions!®]. Mainstream XAI

methods such as SHAP quantify the contribution of each clinical feature to the prediction
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outcome, thereby visualizing the model’s decision-making process and facilitating

clinicians’ understanding and trust in model predictions.

In the study by Ma et all'7l, SHAP analysis yielded an unexpected discovery—
hypokalemia/hyponatremia emerged as an important predictor of GC (present in 87.7% of
the GC group vs. 48.1% of the non-GC group), a factor that had received scant attention in
traditional research and whose identification was enabled through the application of SHAP.
In Hu et al.’s!"8 multicenter model, SHAP ranking identified gallbladder wall thickening as
the most important predictive feature, surpassing traditional markers such as WBC and
CRP—a finding highly consistent with the pathophysiological mechanism of ischemic

necrosis of the gallbladder wall.

The value of SHAP extends beyond feature importance ranking to its ability to explain each
individual prediction. Ma et al.’s!'”! online application not only provides a predicted
probability but also displays the positive or negative contribution of each variable to the
prediction, enabling surgeons to assess whether the model’s prediction aligns with clinical
intuition, thereby fostering trust. This individualized explanation is a capability that

traditional scoring systems cannot offer.

Beyond SHAP, LIME (Local Interpretable Model-agnostic Explanations) represents
another important model-agnostic XAl method, which explains individual predictions by
fitting a locally linear approximation model in the neighborhood of the sample to be
explained!®*$l. However, as of 2025, no published report on the application of LIME in GC
prediction exists. Future research may explore the combined use of SHAP and LIME—
employing SHAP for global feature importance ranking and LIME to assist with fine-
grained explanations for specific high-risk patients—to further enhance the clinical

interpretability and individualized decision-support capabilities of GC prediction models.

Development of online prediction tools
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The clinical value of AI prediction models ultimately hinges on their accessibility and

AlVi

usability in real-world clinical settings. In recent years, online prediction tools for GC have

begun to proliferate:

Ma et al.’s!'”) Streamlit-based online application is currently the most comprehensive GC
prediction tool, generating a GC probability and visualizing the contribution of each

variable upon entry of seven clinical parameters.

Hu e al!'® designed a clinical decision-support tool based on their multicenter model,

aimed at assisting surgeons in rapidly assessing GC risk.

In the broader domain of biliary surgery, Cicerone et al.’7! developed two machine
learning-based risk prediction tools in 2025—CholeSurgRisk I (preoperative model, AUC
= 0.8456) and CholeSurgRisk II (comprehensive model, AUC = 0.8903)—for predicting
the risk of major complications following laparoscopic cholecystectomy for acute calculous
cholecystitis. The dissemination of the preoperative online tool “CholeSurgRisk I also

provides a reference paradigm for the development of GC prediction models.

The emergence of these online tools signals that Al-based GC prediction is transitioning
from academic research to clinical practice; however, their real-world effectiveness and

clinical impact remain unknown and require evaluation through prospective studies.

DEEP LEARNING MODELS BASED ON IMAGING DATA

CT imaging deep learning

CT is the most commonly employed imaging modality for preoperative GC evaluation. In
2025, Guo et al.") published the first multicenter GC imaging deep learning study to date.
This investigation enrolled 1,228 patients from three centers, yielding 7,368 CT images
(921 in the training set, 143 in independent validation set I, and 164 in validation set II). A
self-supervised learning (SSL) strategy was implemented using the seResNet-50 framework,
integrating both non-contrast and contrast-enhanced CT modalities. The SSL strategy

involved pre-training on large volumes of unlabeled CT images, followed by fine-tuning on
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limited labeled data, thereby effectively mitigating the bottleneck of scarce medical image
annotations. The results demonstrated that the fusion model achieved an AUC of 0.965 on
the training set and 0.879 and 0.887 on independent validation sets I and II, respectively—
significantly outperforming the contrast-enhanced CT unimodal model (0.791/0.810) and
the non-contrast CT unimodal model (0.756/0.730) (DeLong test, P < 0.001). The training
set sensitivity and specificity were 88% and 95%, respectively; validation set I sensitivity
and specificity were 77% and 83%; and validation set II sensitivity and specificity were
76% and 84%. Notably, the diagnostic performance of the fusion model in validation set I
(AUC 0.879) significantly surpassed that of two senior radiologists (AUC 0.721 and 0.703,
respectively). This study confirms the substantial potential of multimodal CT fusion SSL

strategies for preoperative GC imaging diagnosis.

This study demonstrates that the performance of CT imaging deep learning in GC diagnosis
has surpassed that of conventional radiological interpretation; nevertheless, the two
approaches remain complementary—AlI can detect subtle imaging features imperceptible to
the human eye, whereas the macroscopic judgment and clinical experience of radiologists

remain indispensable.

Ultrasound image Al analysis

Ultrasound is the first-line imaging modality for acute cholecystitis; however, Al analysis
of ultrasound images poses considerably greater challenges than CT, owing to the operator-
dependent nature of ultrasound image quality and low standardization. Despite these

challenges, preliminary progress has been achieved in this domain.

Das et al.®® utilized clinical tabular data from 319 patients with gallstone disease (38
features) sourced from the UCI database to develop a predictive model for gallstone disease
onset based on the CatBoost classifier and the Sea Lion Optimization Algorithm (SLOA).
The SLOA simultaneously performed dual tasks—selecting 19 features from the original
38 and optimizing CatBoost hyperparameters. Through five-fold cross-validation, the
SLOA CB model achieved an accuracy of 80.42% (AUC 0.82-0.92). The study also
employed three XAI methods—SHAP, LIME, and DiCE—to construct a multi-layered
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interpretability framework: SHAP revealed, at the global level, that CRP and vitamin D
were the most important predictive features; LIME provided case-specific local
explanations; and DiCE performed counterfactual analysis, indicating which feature
modifications would reverse the prediction. Although this study targeted gallstone disease
rather than GC, its combined “SLOA optimization + multi-method XAI” framework

provides methodological reference for clinical data modeling in GC.

A study that genuinely addressed the ultrasound imaging level was that of Jayanthi et al.[*],
which constructed a hybrid deep learning model—HDLMFE-ADGDT—covering nine
gallbladder diseases based on 10,692 ultrasound images. The model employed SE-CapsNet
for feature extraction combined with CNN-BiLSTM for sequence classification, achieving
an overall accuracy of 99.09% (sensitivity 95.87%, specificity 99.49%). Of particular
relevance to GC, this study designated category 4 (C4) as an exclusive classification for
membranous and gangrenous cholecystitis, attaining a test-set sensitivity of 97.64% and
specificity of 99.31%—making this the first study to include GC as an independent
category within a multi-class ultrasound DL model. In comparison with classical
architectures such as VGG16 (97.78%), ResNet152 (85.30%), and InceptionV3 (86.50%),
the SE-CapsNet plus BILSTM hybrid approach demonstrated clear superiority in

ultrasound image classification of gallbladder diseases.

Given that ultrasound is the most commonly used initial imaging examination for acute
cholecystitis, the development of GC-specific ultrasound Al models holds significant

clinical value and broad application prospects.

Radiomics

The radiomics paradigm involves extracting high-throughput quantitative features from
medical images and converting this imaging information into mineable data. Gupta et al.["]
conducted an early exploration of CT texture analysis in gallbladder cancer, employing
TexRAD software to process portal venous phase CT images from 38 patients with
suspected gallbladder cancer. Filter-histogram-based texture analysis identified consistent

texture parameters—mean intensity and kurtosis—as predictors of adenocarcinoma
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histological grade, with kurtosis significantly associated with overall survival (p = 0.020).
Although this study focused on gallbladder cancer rather than inflammatory gallbladder
disease, its methodological framework—comprising ROI delineation, multi-scale texture
feature extraction, and association analysis between texture parameters and clinical

outcomes—provides a transferable technical pathway and exploratory experience for

subsequent radiomics-based investigation of GC.

Chen et al.'* integrated clinical features with CT radiomic features in 2026, employing a
stacking ensemble strategy to construct an explainable machine learning model for
preoperative prediction of acute suppurative cholecystitis (ASC). In this multicenter
retrospective study, a clinical model (AUC = 0.75), a radiomics model (AUC = 0.76), and a
clinical-radiomics fusion model (AUC = 0.82) were separately constructed, with the fusion
model achieving a sensitivity of 71.4% and specificity of 83.1% on the external test set—
significantly outperforming the unimodal models. The model also provided feature-level
explanations through SHAP analysis. This study offers methodological reference for
predicting cholecystitis severity from a clinical-radiomics fusion perspective. The
advantage of radiomics lies in its ability to quantify textural features imperceptible to the
naked eye—such as necrosis heterogeneity and indirect characterization of gallbladder wall
microvascular density—thereby providing a new dimension for the imaging evaluation of

GC.

Multimodal fusion strategies

Multimodal fusion represents a frontier direction in current medical Al. Guo et al.’s!
study has confirmed that the fusion of non-contrast and contrast-enhanced CT significantly
outperforms either modality alone. The underlying mechanism resides in the
complementary imaging information provided by the two modalities—non-contrast CT
reflects baseline tissue density characteristics, whereas contrast-enhanced CT reveals
perfusion status. Given that the core pathology of GC is ischemic necrosis, non-enhancing
regions of the gallbladder wall on contrast-enhanced CT carry direct diagnostic significance

for GC.
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Looking forward, more advanced multimodal fusion strategies warrant exploration:
combined clinical data plus imaging feature models—fusing ML-extracted clinical risk
factors with DL-extracted imaging features at the feature or decision level holds promise
for constructing a more comprehensive GC prediction framework; ultrasound plus CT plus
clinical parameter trimodal fusion—with ultrasound providing real-time bedside assessment,
CT delivering in-depth imaging information, and clinical parameters offering systemic

status evaluation, the synergy of the three modalities may enable whole-process GC risk

monitoring spanning from the emergency department to the operating room.

LARGE LANGUAGE MODELS AND EMERGING Al TECHNOLOGIES:
POTENTIAL APPLICATIONS

Potential roles of large language models in GC diagnosis and treatment

Large language models (LLMs), as the representative of next-generation Al technologies,
are profoundly transforming the landscape of medical information processing. In the GC

domain, potential LLM applications include:

**Electronic health record text mining:** Natural language processing (NLP) techniques
can autonomously parse unstructured electronic health records to extract latent risk factor
information. For example, textual descriptions such as “right upper quadrant tenderness
with rebound” and “fever for 3 days” documented in admission notes can, following NLP
parsing, serve as supplementary information for GC prediction, enriching the feature space

of the model.

**Clinical decision support:** LLMs can integrate clinical practice guidelines such as the
Tokyo Guidelines with individualized risk assessments to provide surgical decision-making
recommendations regarding the timing of GC surgery. However, LLMs carry the risk of
generating false or misleading medical information (i.e., “hallucination”), warranting a high

degree of vigilance in clinical settings.
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**Patient education:** LLMs can automatically generate GC-related educational materials

and preoperative discussion talking points, enhancing patients’ understanding of the disease

and treatment options.

Federated learning and multicenter collaboration

The generalizability of GC-AI models necessitates diverse training data; however, medical
data privacy protection imposes stringent constraints on cross-institutional data sharing.
Federated learning offers a promising solution by enabling each healthcare institution to
train models locally, sharing only model parameters rather than raw data. Hu er al.’s!'8]
multicenter model still employed a conventional centralized data integration strategy. The
future incorporation of a federated learning framework holds the potential to include
heterogeneous data from more centers while preserving data privacy, further enhancing

model generalizability and fairness.

Surgical video Al analysis

Intraoperative real-time Al assistance is a frontier domain in surgical Al. In 2022, Ward,
Hashimoto et al.!*?! developed an Al model based on laparoscopic cholecystectomy videos
capable of automatically identifying the severity of gallbladder inflammation (Parkland
Grading Scale, PGS) and predicting surgical progress. This study employed deep learning
to analyze surgical video frames and successfully predicted three key surgical metrics: (1)
operative duration (R? = 0.61); (2) attainment of the Critical View of Safety (CVS); and (3)
risk of gallbladder injury. This study represents the first application of Al video analysis to
automated assessment of gallbladder inflammation severity, providing surgeons with a
novel tool for preoperative risk assessment and surgical difficulty prediction. It carries
potential methodological value for complex GC-related gallbladder surgery, such as cases

involving Calot’s triangle fibrosis and gangrenous transformation of the gallbladder wall.

Although no published studies have reported intraoperative real-time Al identification of
GC, the feasibility of this technical pathway has been validated—intraoperative recognition

of GC wall necrosis features could assist surgeons in adjusting surgical strategy early in the
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Z
procedure (e.g., conversion from laparoscopic cholecystectomy to open surgery or subtotal

AlVi

cholecystectomy).

Temporal data analysis

All current GC prediction models are static, cross-sectional predictors—rendering
judgments based on single-time-point data at admission. However, GC development is a
dynamic process, with a temporal window extending from the onset of inflammation to
full-thickness wall necrosis. Temporal models such as recurrent neural networks (RNNs)
and long short-term memory networks (LSTMs) can perform a task beyond the capabilities
of current static models: dynamically tracking the temporal evolution of inflammatory
markers. For instance, if WBC and CRP exhibit a sustained upward trajectory over a 24-h
period, temporal models may issue an early warning even before absolute values reach
conventional thresholds—a task that static models cannot accomplish but dynamic models

may achieve.

CHALLENGES AND LIMITATIONS

Data-level challenges

GC labels depend on postoperative pathology: Definitive diagnosis of GC requires
postoperative pathological examination, meaning that the training labels for ML models are
derived exclusively from patients who underwent surgery; unrecognized GC may exist

among patients who improved with conservative management, introducing selection bias.

Class imbalance: The incidence of GC among acute cholecystitis cases ranges from
approximately 2% to 30%—a relatively low prevalence. Although oversampling methods
such as SMOTE are widely employed to address imbalanced data, Ma et al.['"! found that
these methods paradoxically exacerbated overfitting in GC prediction. To date, no
generally accepted optimal solution exists for effectively handling class imbalance without

introducing synthetic data.

Multicenter data heterogeneity: Variations in laboratory testing methodologies, imaging

equipment parameters, and clinical practices across centers may lead to performance
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degradation when models are deployed in new environments. Establishing unified data

acquisition standards and preprocessing pipelines is critical to addressing this challenge.

Model-level challenges

Overfitting risk: Training sample sizes for GC prediction models are relatively limited,
whereas deep learning models may involve millions of parameters, rendering overfitting
risk non-trivial. Ma et al.l'’! mitigated this issue through external test set validation and
variable reduction strategies; however, more rigorous cross-validation and independent

validation remain necessary.

The “black-box” problem and limitations of XAI: Although methods such as SHAP
provide model explanations, these explanations may themselves be misleading—correlation
does not imply causation, and the “important features” revealed by SHAP may not
necessarily reflect true pathophysiological mechanisms. Furthermore, current XAI methods
are primarily suited for tree-based models on structured data and relatively simple imaging

models; explanations for complex deep learning architectures remain inadequate.

Lack of prospective randomized controlled validation: All published GC-AI models are
retrospective studies, lacking prospective validation and—more importantly—randomized
controlled trials (RCTs) to evaluate the actual improvement in patient outcomes attributable
to Al-assisted decision-making. This constitutes the greatest barrier to the translation of Al

from research into clinical practice.

Clinical translation challenges

Clinician trust and adoption rates: The clinical adoption of Al prediction models depends
on clinician trust. Multiple survey studies have demonstrated that surgeons’ acceptance of
Al-assisted decision-making correlates positively with model interpretability!*#4, XAI
methods such as SHAP help build trust by providing individualized explanations; however,
truly large-scale clinical adoption still requires the accumulation of more extensive

validation data.
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Legal and ethical boundaries: When Al predictions conflict with clinical judgment, which
should prevail? Who bears legal liability for decisions made with Al assistance? These
questions are particularly thorny in the context of emergency surgical decision-making—
delays in GC management can be fatal, yet Al-driven over-intervention may also expose

patients to unnecessary surgical risk.

Accessibility across different tiers of hospitals: Current GC-AI research originates almost
exclusively from large tertiary medical centers, and model performance in primary care
settings remains uncertain. Given that early identification of GC is most urgently needed
precisely at the primary care level, adapting Al tools to resource-limited environments

constitutes a critical challenge for clinical translation.

FUTURE DIRECTIONS

Multimodal large models

Future GC-AI prediction should evolve toward multimodal integration—combining clinical
text (NLP-extracted), laboratory parameters (temporal analysis), imaging features (DL-
extracted), and surgical video (real-time analysis) within a unified predictive framework.
Such multimodal large models could fully leverage complementary information from
diverse data sources, thereby enabling an upgrade from ‘“‘single-time-point prediction” to

“whole-disease-course dynamic risk assessment”.

Prospective randomized controlled trials

The clinical value of Al-assisted GC decision-making ultimately requires validation
through prospective RCTs. A possible study design would randomize patients with acute
cholecystitis into an Al-assisted decision-making arm and a conventional decision-making
arm, with the primary endpoints being the preoperative GC identification rate and the time
from admission to surgery, and secondary endpoints including complication rates, length of
hospital stay, and healthcare costs. Only when RCTs demonstrate superior outcomes in the
Al-assisted arm compared with the conventional arm can GC-Al tools truly earn

recommendation status in clinical practice guidelines.
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Edge computing deployment

Deploying GC prediction models in primary care hospitals and emergency departments also
requires addressing the practical constraint of limited computational resources. Edge
computing technology enables models to run on local devices without reliance on cloud
servers, meeting the real-time prediction demands of emergency settings. Ma et al.’sl!”]

seven-variable streamlined model is particularly well suited for such deployment—

lightweight, requiring few input variables and low computational demand.

Digital twins

Constructing a gallbladder digital twin model based on patient-specific data and comparing
the trajectory of GC progression under different intervention strategies could provide an
intuitive prediction tool for individualized treatment decisions. This concept currently
remains a forward-looking vision in the GC domain, with no published studies to date;
however, with advances in organ-level multi-physics modeling, it may become a reality in

the future.

Al-driven GC risk stratification clinical pathway

Establishing a GC risk stratification pathway based on Al predictions: low risk (Al-
predicted probability < 10%) — close observation, conservative management, or elective
surgery; intermediate risk (10%-50%) — contrast-enhanced CT evaluation,
multidisciplinary team discussion, early surgery; high risk (> 50%) — emergent surgical
intervention, avoidance of delay. This pathway transforms Al prediction from an “academic
tool” into a “clinical standard”, holding the potential to systematically improve the

efficiency of GC diagnosis and treatment.

Guideline integration

Incorporating Al prediction tools into international standards such as the Tokyo Guidelines
represents an important step toward clinical standardization of GC-Al. We recommend that
future guideline revisions include recommendations for Al-assisted assessment, specifying
the applicable scenarios, limitations, and human-Al collaborative decision-making

workflows for Al tools.
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CONCLUSIONS

Al technologies are profoundly reshaping the paradigm of GC risk factor identification and
prediction. In the domain of structured clinical data, interpretable ML models based on
algorithms such as XGBoost and Random Forest have demonstrated predictive
performance surpassing both traditional scoring systems and preoperative clinical judgment,
with AUC values reaching as high as 0.944. In the imaging domain, DL models based on
self-supervised learning and multimodal CT fusion (AUC 0.965) have pioneered entirely
novel approaches to non-invasive preoperative GC diagnosis. XAl methods such as SHAP
have revealed counterintuitive risk factors—including hypokalemia and hyponatremia—
and enabled individualized prediction explanations, serving as a critical bridge between
“black-box” models and clinical trust. Nevertheless, the translation from research to clinical
practice continues to face numerous challenges, including label bias, model overfitting, lack
of prospective validation, and barriers to clinical adoption. In the future, the development of
multimodal large models, prospective RCTs, edge computing deployment, and Al-driven
clinical pathways will propel GC-AI from a “prediction tool” toward a “decision-making

partner”, ultimately realizing precision prevention and individualized treatment of GC.
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