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Abstract
Background  Acute calculous cholecystitis (ACC) is a common gastrointestinal emergency, with early laparoscopic chole-
cystectomy (ELC) as the standard of care. However, the risk of postoperative complications remains significant. This study 
developed and validated two machine learning models—CholeSurgRisk I (preoperative) and CholeSurgRisk II (comprehen-
sive)—to predict major postoperative complications in ACC.
Methods  A prospectively collected, multicenter database of 1,253 patients was retrospectively analyzed. Lasso regression 
identified key predictive variables among demographic, clinical, and perioperative factors. Three machine learning algo-
rithms (Random Forest, XGBoost, Decision Tree) were trained and tested, comparing their performance via AUC-ROC.
Results  CholeSurgRisk I achieved an AUC-ROC of 0.8456, while incorporating intraoperative variables (CholeSurgRisk II) 
improved performance to 0.8903. To facilitate clinical use, a web-based tool - “CholeSurgRisk I” - was developed based on 
the preoperative model, providing real-time, patient-specific risk estimations.
Conclusion  Machine learning enhances perioperative risk stratification in ACC. CholeSurgRisk I facilitates early preop-
erative assessment, whereas CholeSurgRisk II refines predictions by integrating intraoperative factors. The user-friendly 
application “CholeSurgRisk I” offers individualized complication risk forecasts, potentially aiding clinical decision-making 
and optimizing outcomes.

Keywords  Acute cholecystitis · Laparoscopic cholecystectomy · Postoperative complications; Machine learning; Risk 
prediction.
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Introduction

Gallbladder gallstones have an incidence of approximately 
10–15% in the general population, with key risk factors 
including female sex, obesity, pregnancy, physical inactiv-
ity, advanced age, and genetic predisposition. Among these 
patients, 20–40% will develop complications, with acute 
calculous cholecystitis (ACC) occurring in 10–15% of cases 
[1, 2].

The most widely adopted guidelines for the manage-
ment of acute cholecystitis are the Tokyo Guidelines and 
those issued by the World Society of Emergency Surgery. 
According to these recommendations, treatment selection is 
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patients from 79 centers located in 19 different countries 
from 1st September 2021 to 1st September 2022.

Inclusion criteria

	● A confirmed diagnosis of ACC in accordance with the 
2018 Tokyo Guidelines.

	● Suitability for ELC during the index hospital stay. No-
tably, opting for a different surgical approach (e.g., open 
surgery or a bailout technique such as subtotal cholecys-
tectomy) was not considered an intraoperative exclusion 
criterion.

	● Age ≥ 18 years.
	● Evaluation for possible common bile duct (CBD) stones, 

with preoperative ERCP if these stones were confirmed.
	● Provision of a signed and dated informed consent form.
	● Willingness to adhere to all study-related procedures 

and availability for the entire study duration.

Exclusion criteria

	● Pregnancy or breastfeeding.
	● Acute cholecystitis of a non-gallstone etiology.
	● Concurrent cholangitis or pancreatitis.
	● Intraoperative management of CBD stones.
	● Any condition that could pose additional risk to the pa-

tient or prevent full participation in or completion of the 
study.

All patients underwent initial clinical evaluation and imag-
ing studies upon hospital admission. Key demographic and 
clinical data were collected, including age, sex, comorbid 
conditions, vital signs, laboratory values, and radiological 
findings. In addition, data on prior abdominal surgeries and 
the presence of systemic complications were documented 
(Table 1).

Dataset Pre-processing

To prepare the dataset for analysis, text entries that con-
tained numerical values represented with commas or uncon-
ventional formats were corrected and cast into standard 
numeric types. Missing values within numerical columns 
were imputed using the median of the respective variable, 
whereas missing categorical values were imputed using the 
most frequent category. These preprocessing steps ensured 
a clean, consistent dataset suitable for machine learning 
analysis.

influenced by multiple factors, including the patient’s gen-
eral condition, the timing of clinical presentation, and the 
rapidity of disease progression [1, 3, 4].

It is well established that early laparoscopic cholecystec-
tomy (ELC) represents the gold standard whenever feasible, 
as performing surgery at the earliest possible stage is associ-
ated with reduced complication rates, shorter hospital stays, 
and lower healthcare costs. The Tokyo Guidelines define 
the optimal surgical window as within 72 h from symptom 
onset [5–7].

Several predictive scores have been developed to assess 
surgical risk and/or mortality, including the ASA score, 
POSSUM and APACHE score [8–12]. Multiple stud-
ies indicate that ELC remains a superior alternative com-
pared to non-surgical management, offering better survival 
outcomes even in high-risk patients, provided that careful 
selection criteria are applied. Current guidelines define non-
operable patients as those who either refuse surgery or are 
deemed unfit for the procedure, without providing a stan-
dardized definition. However, recent studies suggest that 
some patients with high-risk scores may benefit from non-
surgical treatments [13–15].

The reported complication rate for acute cholecystitis 
ranges from 7% to 26%, while mortality rates vary between 
0% and 10%. Given the high prevalence of this condition, 
reducing complications and mortality remains a priority in 
clinical practice [10, 16, 17].

Therefore, establishing a valid and reliable method to 
identify high-risk patients for postoperative complications, 
who could benefit from less invasive treatments, would be 
of great importance.

This study aims to analyze patients undergoing surgery 
for acute cholecystitis across multiple centers and develop 
two complementary machine learning models: a preopera-
tive model, based on clinical and demographic variables 
available before surgery, and a comprehensive model, 
incorporating intraoperative factors to refine risk prediction. 
By identifying key determinants of postoperative compli-
cations, this approach seeks to enhance risk stratification, 
optimize surgical decision-making, and improve patient 
outcomes while mitigating the burden of acute cholecystitis 
on healthcare systems [18, 19].

Materials and methods

We retrospectively analyzed the S.P.Ri.M.A.C.C. (Scores 
for Prediction of RIsk for postoperative major Morbidity 
after cholecystectomy in Acute Calculous Cholecystitis) 
study database. The S.P.Ri.M.A.C.C. study, a WSES pro-
spective multicenter observational study, collected 1,253 
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N 1253
Age 59.43±17.03
Sex (M/F) 666/587
BMI 27.24±4.81
Perforated gallbladder (n/y) 1122/109
Common bile duct > 7 mm (n/y) 1115/136
Total Bilirubin > 1.8 mg/dl (n/y) 986/265
Associated common bile duct stones (n/y) 1132/71
Hypotension requiring dopamine (n/y) 1209/40
Decreased level of consciousness (n/y) 1206/41
pO2/FiO2 < 300 (n/y) 1199/40
Oliguria (n/y) 1181/69
Creatinine > 2 mg/dl (n/y) 1172/79
INR > 1.5 (n/y) 1165/81
Platelet count < 100.000/mm3 (n/y) 1218/31
White blood cells > 18,000/mm3 (n/y) 1002/244
Palpable tender mass (n/y) 814/434
Duration of complaints > 72 h (n/y) 773/477
Gangrenous cholecystitis (n/y) 915/336
Pericholecystic abscess (n/y) 1092/154
Hepatic abscess (n/y) 1213/32
Biliary peritonitis (n/y) 1190/53
Emphysematous cholecystitis (n/y) 1201/45
History of myocardial infarction (n/y) 1109/86
Congestive heart failure (n/y) 1124/70
Peripheral vascular disease (n/y) 1152/42
Cerebrovascular disease (n/y) 1139/55
Dementia (n/y) 1160/34
Hemiplegia (n/y) 1182/10
Chronic pulmonary disease (n/y) 1086/108
Connective tissue disease (n/y) 1167/23
Peptic ulcer disease (n/y) 1137/54
Mild liver disease (without portal hypertension) (n/y) 1125/66
Moderate or severe liver disease (n/y) 1178/14
Diabetes without end-organ damage (n/y) 982/211
Diabetes with end-organ damage (n/y) 1160/31
Moderate or severe renal disease (n/y) 1134/56
Tumor without metastasis (n/y) 1146/47
Metastatic solid tumor (n/y) 1178/11
Leukemia (n/y) 1183/7
Lymphoma (n/y) 1184/5
AIDS or HIV + (n/y) 1183/2
Previous abdominal interventions (n/y) 895/319
Previous percutaneous cholecystostomy? (n/y) 1184/30
Warfarin therapy (n/y) 1160/40
Raised Jugular venous pressure (n/y) 1184/7
Atrial fibrillation (n/y) 1125/68
Patient functional status before surgery partially or totally dependent (n/y) 1113/120
Temperature 36.867±0.816
Systolic blood pressure 131.996±21.842
Pulse 83.249±14.923
Respiratory rate 18.375±9.234
Operative time (min) 100.681±47.336
Peritoneal Soiling (n/y) 552/701

Table 1  Patients baseline Characteristics. This table summarizes key baseline characteristics of 1,253 patients with acute calculous cholecystitis. 
For each variable, “n/y” indicates the number of patients without and with the specified condition (No/Yes). Continuous variables are shown as 
mean ± standard deviation. The Clavien-Dindo (CD) scale categorizes postoperative complications according to their severity
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Binary outcome definition and model 
training

The Clavien-Dindo classification of complications was 
recoded into a binary outcome: values of no complications 
or CD1–CD2 were labeled as 0, while CD3a–CD5 were 
labeled as 1 [21]. This dichotomization was chosen to sim-
plify the modeling approach and emphasize the distinction 
between mild and severe complications. Stratified random 
sampling was used to split the dataset into an 80% training 
set and a 20% test set, ensuring that the distribution of out-
comes was preserved across subsets.

To evaluate both preoperative and intraoperative risk 
assessment, we developed two separate machine learning 
models:

1.	 Preoperative Model: Trained using only variables avail-
able before surgery, including patient demographics, 
comorbidities, and preoperative clinical parameters.

2.	 Comprehensive Model: Integrated both preoperative 
and intraoperative variables, incorporating factors such 

Feature selection using Lasso regression

The primary outcome variable was defined as post-opera-
tive in-hospital complications. Since the dataset contained 
a relatively large number of variables, we applied a Lasso 
regression model to identify the most predictive features 
[20]. Numerical variables were standardized to ensure con-
sistent scaling. Using 5-fold cross-validation, the Lasso 
method penalized less predictive features by shrinking their 
coefficients to zero. Variables with non-zero coefficients 
were retained for subsequent modeling. This approach 
allowed us to reduce the complexity of the model, focus-
ing only on the variables most strongly associated with the 
outcome, and minimizing the risk of overfitting.

N 1253
Peritoneal Soiling (Minor serous fluid) (n/y) 920/333
Peritoneal Soiling (Purulent fluid) (n/y) 1097/156
Peritoneal Soiling (Free bowel content) (n/y) 1248/5
Peritoneal Soiling (Pus or blood) (n/y) 1240/13
Presence of malignancy (n/y) 1184/69
Mode of surgery (Elective) (n/y) 871/382
Mode of surgery (Emergency: resuscitation of > 2 h possible or operation < 24 h after admission) (n/y) 464/789
Mode of surgery (Emergency: immediate surgery
< 2 h needed)) (n/y)

1219/34

Conversion to open surgery (n/y) 1045/105
Bail out procedure (n/y)
♣ Subtotal (partial) cholecystectomy
♣ Fundus first technique
♣ Cholecystostomy (drainage only)

1141/108

Intraoperative complication (n/y)
♣ Bleeding (> 500 ml)
♣ Biliary tree injury
♣ Bowel perforation
♣ Major vascular injury
♣ General anesthesia respiratory complications
♣ General anesthesia cardiac complications

1200/51

Length of stay (days) 5.466±5.298
Post-operative in-hospital complications (n/y) 1061/188
Days between symptoms and cholecystectomy 8.681±40.775
Clavien Dindo (CD) • No complications: n = 1061

• CD1: n = 48
• CD2: n = 62
• CD3a: n = 38
• CD3b: n = 16
• CD4a: n = 9
• CD4b: n = 4
• CD5: n = 11

Table 1  (continued) 
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balance between sensitivity and specificity for classifying 
patients as high-risk or low risk [23, 24]. This threshold 
balances sensitivity and specificity, optimizing the model’s 
performance for real-world application (eFigure 1 in the 
Supplement).

The application processes the entered clinical parameters 
through the trained model and returns the risk for major 
postoperative complications.

Results

Postoperative complications observed

The eTable 1 in the Supplemental file summarizes the 
postoperative complications observed in the study cohort. 
Notably, some patients experienced multiple complica-
tions, and the Clavien-Dindo classification was assigned 
based on the most severe complication recorded for each 
individual. The most frequently reported complications 
included respiratory complications (N = 45), deep infections 
such as intra-abdominal collections and abscesses (N = 35), 
and postoperative bleeding (N = 32). Other complications 
involved cardiac, renal, and thromboembolic events, as well 
as biliary tree injuries and wound infections.

LASSO regression analysis and feature selection

To identify the most relevant predictors of postoperative 
complications, we applied Lasso regression with cross-
validation for feature selection: the optimal alpha parameter 
selected by cross-validation was 0.019320 for the preop-
erative model and 0.017316 for the comprehensive model, 
indicating the level of regularization applied to the model.

After performing Lasso regression, we retained two sets 
of predictive features, distinguishing between:

	● Preoperative-only model: Using variables available be-
fore surgery.

	● Comprehensive model: Incorporating both preopera-
tive and intraoperative factors to enhance predictive 
accuracy.

In the preoperative model, 14 predictive variables were 
retained as their coefficients remained nonzero, indicat-
ing their relevance in predicting complications. The most 
significant predictors included age, pulse, perforated gall-
bladder, pO2/FiO2 < 300, creatinine > 2  mg/dl, INR > 1.5, 
pericholecystic abscess, hepatic abscess, biliary peritonitis, 
emphysematous cholecystitis, congestive heart failure, war-
farin therapy, gangrenous cholecystitis, and sex. (eTable 2 
in the Supplement).

as operative time, conversion to open surgery, intraop-
erative complications, and peritoneal contamination.

A Random Forest classifier was then trained using the fea-
tures selected through Lasso regression. Cross-validation 
(5 folds) was conducted on the training set to evaluate the 
model’s robustness and estimate the area under the curve 
(AUC). The final model was applied to the test set, where its 
performance was assessed by calculating the AUC and gen-
erating a receiver operating characteristic (ROC) curve [22].

In addition to Random Forest, we employed two other 
machine learning algorithms - XGBoost and Decision Tree 
classifiers - to evaluate the robustness and generalizability 
of our predictive models. Each algorithm was trained and 
validated using the same set of features identified by Lasso 
regression, as well as the same binary outcome (0 for no or 
mild complications, 1 for severe complications).

For the Decision Tree classifier, we selected a maximum 
depth of 3 to balance interpretability with performance. The 
Decision Tree’s structure was visualized to provide insight 
into the decision-making process, and performance was 
evaluated using a test set ROC AUC.

XGBoost was configured to handle the binary outcome 
with an evaluation metric of log-loss. Standard hyperpa-
rameters were used, and the model’s ROC AUC and clas-
sification metrics were assessed on the same test set. This 
approach allowed for direct comparison across different 
algorithms and between preoperative and intraoperative 
models to determine the most effective strategy for postop-
erative complication prediction.

Feature importance analysis

To assess the relative contribution of each predictor, feature 
importance scores were extracted from the trained Random 
Forest model. These scores indicate the degree to which 
each variable influenced the model’s predictions. The fea-
ture importance values were normalized and plotted as a 
horizontal bar chart, allowing a visual comparison of the 
predictors’ relative contributions. This analysis highlights 
the most influential features driving the model’s perfor-
mance, providing insights into which variables are most 
strongly associated with post-operative complications.

Web application

To facilitate the clinical usability of the preoperative model 
(CholeSurgRisk I), a web-based application was developed.

To enhance clinical interpretability, the application 
does not rely on an arbitrary threshold but instead uses the 
Youden Index to determine the optimal cutoff, ensuring a 
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Tree showed competitive performance, RF outperformed in 
terms of recall and overall discrimination, particularly in the 
preoperative model where it provided the highest precision 
for Class 1, which was of primary interest (Table 2).

ROC curve of both preoperative and comprehensive 
models

Among the three tested classifiers (Decision Tree, XGBoost, 
and Random Forest), Random Forest yielded the highest 
ROC AUC and the most consistent predictive performance. 
This superior performance, combined with its ability to 
handle complex interactions between variables and provide 
robust feature importance rankings, led to its selection as 
the final model (Fig. 1) (eFigs. 2 and 3 in the Supplement).

Feature importance of the random forest model

The feature importance analysis of the preoperative model 
showed that:

	● Age, pulse, perforated gallbladder, sex and creati-
nine > 2 mg/dL were the strongest predictors.

	● Markers of systemic inflammation and hemodynamic 
instability, such as pericholecystic or hepatic abscess, 
INR > 1.5 and Gangrenous cholecystitis, also had sub-
stantial contributions.

In contrast, the comprehensive model integrated intraop-
erative variables, identifying additional predictors such as 
operative time, conversion to open surgery, intraoperative 
complications, peritoneal soiling, and bailout procedures as 
determinants of postoperative complications (eTable 3 in 
the Supplement).

Models performance and validation

Using the selected features, Random Forest (RF), XGBoost, 
and Decision Tree classifiers were constructed and evaluated.

Among the models, Random Forest (RF) demonstrated 
the best predictive performance, achieving a test set AUC of 
0.8903 in the comprehensive model, compared to 0.8456 in 
the preoperative-only model. While XGBoost and Decision 

Table 2  Model Comparison. The table shows, for each model, the 
AUC on the independent test set, the 5-fold cross-validation AUC, and 
the precision for class 1 (high-risk patients)
Model 5-Fold CV AUC Test Set 

ROC 
AUC

Preci-
sion 
(Class 
1)

Preoperative RF 0.6687 (± 0.0243) 0.8456 1.00
Comprehensive RF 0.7914 (± 0.0419) 0.8903 0.67
Preoperative XGBoost - 0.8074 0.62
Preoperative Decision Tree - 0.8634 0.62
Comprehensive XGBoost - 0.7614 0.50
Comprehensive Decision 
Tree

- 0.7216 0.60

Fig. 1  ROC Curve of the Random Forest Model. On the left the preoperative model (A), on the right the comprehensive one (B)
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Discussion

Predicting postoperative complications in ACC is a critical 
aspect of perioperative decision-making, as these adverse 
events significantly impact patient morbidity, hospital 
costs, and overall surgical outcomes [10, 26]. In this study, 
we developed and validated two distinct machine learning 
models to predict the risk of major postoperative complica-
tions in patients undergoing cholecystectomy for ACC. The 
first model focused on preoperative risk assessment, utiliz-
ing only variables available before surgery, whereas the sec-
ond model incorporated intraoperative factors, providing a 
more comprehensive risk evaluation.

By leveraging a prospective dataset of 1,253 patients, we 
applied Lasso regression for feature selection and trained 
three different machine learning models (Random Forest, 
XGBoost, and Decision Tree) to compare their predictive 
performance. Among these, the Random Forest model 
demonstrated the highest discrimination ability in both 
approaches (preoperative: ROC AUC 0.8456, intraopera-
tive: ROC AUC 0.8903) and was ultimately selected for 
deployment in a web-based clinical application.

Postoperative complications following cholecystectomy 
range from minor adverse events to moderate and severe 
complications, including biliary leaks, intra-abdominal 
abscesses, and, in the most severe cases, septic shock [10, 
26, 27].

When intraoperative variables were included, the compre-
hensive model emphasized additional predictors:

	● Conversion to open surgery, bailout procedure, opera-
tive time and intraoperative complications were strong 
predictors.

	● Age and pulse remined influential even in the compre-
hensive model.

	● Peritoneal soiling (local pus) also emerged as a key pre-
dictor, underscoring the impact of intraoperative find-
ings on postoperative risk.

The feature importance distributions for both models are 
presented in Fig. 2 (Preoperative model) and Fig. 3 (Com-
prehensive model). These findings reinforce the role of both 
preoperative patient status and intraoperative complexity in 
determining postoperative complications.

Web Application: “CholeSurgRisk I” [25].
The web-based prediction tool was successfully imple-

mented and tested using real-world clinical data and pro-
vides early-stage risk estimation.

This application provides an intuitive and accessible tool 
for clinicians to estimate complication risks in real-time. 
By integrating this model into clinical practice, surgical 
decision-making can be optimized, and resource alloca-
tion can be managed more efficiently in acute cholecystitis 
management.

Fig. 2  Feature Importance 
Analysis of the Preoperative 
Model. The bar chart illustrates 
the relative importance of each 
predictor variable in the preoper-
ative model. A higher importance 
score indicates a stronger influ-
ence on the model’s prediction
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such as operative time, conversion to open surgery, intraop-
erative complications, and peritoneal soiling. These findings 
highlight the dynamic nature of surgical risk, where intra-
operative events significantly contribute to postoperative 
outcomes. The superior performance of the intraoperative 
model (ROC AUC 0.8903 vs. 0.8456 preoperatively) under-
scores the importance of incorporating real-time surgical 
findings into risk prediction models.

To bridge the gap between predictive modeling and 
clinical application, we developed a web-based risk assess-
ment tool: “CholeSurgRisk I” [25]. The app is freely acces-
sible using the link: ​h​t​t​p​​s​:​/​​/​m​l​c​​o​l​​e​c​i​​s​t​i​-​​4​3​p​​f​e​t​​c​6​h​​y​q​6​​m​6​k​z​​
v​y​​e​a​t​6​.​s​t​r​e​a​m​l​i​t​.​a​p​p .This user-friendly application allows 
healthcare providers to input relevant clinical parameters 
and obtain an individualized risk prediction for major post-
operative complications in real time. The “CholeSurgRisk 
I” app focuses on preoperative risk assessment, assisting 
clinicians in identifying high-risk patients before surgery 
and guiding preoperative counseling, optimization and 
decision- making.

The proposed machine learning models enhance per-
sonalized risk stratification, offering an individualized and 
objective estimation of major complications following cho-
lecystectomy. This predictive capability supports shared 
decision-making, enabling both surgeons and patients to 
make informed choices regarding treatment options and 
expectations based on a data-driven assessment of surgical 
risk. Second, preoperative risk assessment plays a crucial 

Although ELC is widely recognized as the gold standard 
for treating ACC, certain high-risk patients may benefit 
from alternative treatment strategies, such as endoscopic 
drainage or perioperative optimization [7, 15, 28].

Several risk assessment scores, including CCI, ASA 
score, POSSUM score, and APACHE II, have been proposed 
to estimate perioperative morbidity [1, 6, 9, 11–13]. How-
ever, these traditional scoring systems rely on predefined 
weighting of variables and linear assumptions, which may 
oversimplify complex interactions among patient-specific 
factors. As a result, they often fail to integrate dynamic and 
non-linear relationships that can better capture the multifac-
torial nature of surgical risk.

Unlike static models, machine learning-based approaches 
provide an adaptive, data-driven framework capable of 
identifying intricate patterns across clinical, laboratory, and 
intraoperative variables. By leveraging these advantages, 
our study advances the field by implementing a more precise 
and individualized risk prediction model, demonstrating 
high accuracy in forecasting postoperative complications.

Through Lasso regression, we identified 14 key predic-
tors in the preoperative model, reflecting patient demograph-
ics, comorbidity burden, systemic inflammatory response, 
and hemodynamic status. These features align with previous 
literature emphasizing the role of patient frailty and inflam-
matory markers in surgical risk stratification [8, 16, 29]. In 
contrast, the intraoperative model retained 17 predictive 
variables, incorporating additional procedural risk factors 

Fig. 3  Feature Importance 
Analysis of the Comprehensive 
Model. This bar chart shows 
the relative importance of each 
predictor variable in the com-
prehensive model, incorporating 
both preoperative and intraopera-
tive factors. A higher importance 
score indicates a stronger influ-
ence on the model’s prediction
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