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Abstract
Background  Accurately identifying difficult laparoscopic cholecystectomy (DLC) preoperatively remains a clinical 
challenge. Previous studies utilizing clinical variables or morphological imaging markers have demonstrated 
suboptimal predictive performance. This study aims to develop an optimal radiomics-clinical model by integrating 
preoperative CT-based radiomics features with clinical characteristics.

Methods  A retrospective analysis was conducted on 2,055 patients who underwent laparoscopic cholecystectomy 
(LC) for cholecystitis at our center. Preoperative CT images were processed with super-resolution reconstruction to 
improve consistency, and high-throughput radiomic features were extracted from the gallbladder wall region. A 
combination of radiomic and clinical features was selected using the Boruta-LASSO algorithm. Predictive models were 
constructed using six machine learning algorithms and validated, with model performance evaluated based on the 
AUC, accuracy, Brier score, and DCA to identify the optimal model. Model interpretability was further enhanced using 
the SHAP method.

Results  The Boruta-LASSO algorithm identified 10 key radiomic and clinical features for model construction, 
including the Rad-Score, gallbladder wall thickness, fibrinogen, C-reactive protein, and low-density lipoprotein 
cholesterol. Among the six machine learning models developed, the radiomics-clinical model based on the random 
forest algorithm demonstrated the best predictive performance, with an AUC of 0.938 in the training cohort and 0.874 
in the validation cohort. The Brier score, calibration curve, and DCA confirmed the superior predictive capability of this 
model, significantly outperforming previously published models. The SHAP analysis further visualized the importance 
of features, enhancing model interpretability.
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Background
Cholecystectomy is the standard treatment for cholecys-
titis, with laparoscopic cholecystectomy (LC) recognized 
as the gold standard for gallbladder surgery [1]. Accord-
ing to the Tokyo Guidelines, LC is preferred over open 
cholecystectomy due to its advantages, including reduced 
postoperative pain, shorter hospital stays, faster recovery, 
lower risk of wound infections, and improved quality of 
life [2, 3]. However, in certain cases, LC can present sig-
nificant technical challenges, necessitating conversion to 
open surgery. The complexity of the procedure is often 
exacerbated by progressive inflammatory and fibrotic 
changes associated with prolonged disease duration [2]. 
Even when conversion is not required, difficult LC is 
associated with increased intraoperative bleeding, pro-
longed operative time, the need for drainage placement, 
extended hospitalization, and a higher risk of complica-
tions such as bile duct injury [4–8]. Accurately predict-
ing difficult LC holds substantial clinical significance. 
Risk-based patient stratification allows for complex pro-
cedures to be managed by experienced hepatobiliary 
surgeons or performed under their direct supervision, 
optimizing both patient outcomes and surgical training 
programs. Furthermore, it facilitates preoperative coun-
seling, ensuring informed consent and allowing patients 
and their families to plan accordingly [9–11]. More 
importantly, in high-risk patients with severe gallblad-
der inflammation, early or urgent biliary drainage can 
be recommended as a temporizing measure, followed by 
elective surgery once the patient’s overall condition has 
improved [2, 12].

Most existing predictive models rely primarily on clini-
cal data and serum biomarkers, yet imaging-based pre-
dictive parameters remain underutilized. While some 
studies have incorporated morphological imaging mark-
ers, such as gallbladder wall thickening and perichole-
cystic fluid collection, their observer-dependent nature 
limits reliability and generalizability across clinical set-
tings [4, 9]. Radiomics, an advanced imaging analysis 
technique, extracts high-dimensional quantitative imag-
ing features—encompassing morphological, textural, and 
intensity-based parameters—from medical imaging data. 
These radiomic features can quantify subvisual pheno-
typic characteristics beyond the perceptual capabilities of 
the human eye [13, 14]. However, to our knowledge, no 
published studies have investigated the use of radiomics-
based predictive models for assessing surgical difficulty 
in LC.

Therefore, this study aims to develop and validate a 
radiomics-clinical predictive model for evaluating LC 
difficulty. By integrating high-throughput CT radiomic 
feature selection with preoperative clinical variables, we 
seek to enhance predictive accuracy and provide a robust 
tool for individualized surgical planning.

Methods
Patients
This study was approved by the Institutional Review 
Board of The Affiliated Hospital of Qingdao University. 
We retrospectively identified all patients who underwent 
cholecystectomy at The Affiliated Hospital of Qingdao 
University between March, 2018, and March, 2023.

Inclusion criteria: (I) Patients who underwent chole-
cystectomy for cholecystitis only; (II) Preoperative upper 
abdominal CT scan performed within seven days before 
surgery at our institution [15]; (III) Complete and reliable 
clinical and imaging data.

Exclusion criteria: (I) Preoperative percutane-
ous transhepatic gallbladder drainage or endoscopic 
transpapillary gallbladder drainage; (II) Presence of 
gallbladder polyps, adenomyomatosis, or other space-
occupying lesions; (III) Intraoperative frozen section 
analysis or postoperative pathology indicating malig-
nancy; (IV) Patients undergoing unexpected surgical pro-
cedures (e.g., common bile duct incision, ulcer resection); 
(V) Gallbladder calcification or atrophic gallbladder, 
which were difficult to visualize on CT.

Clinical data collected for each patient included 
demographic information (gender, age, BMI), history 
of abdominal surgery, history of endoscopic retrograde 
cholangiopancreatography (ERCP), laboratory values 
(Supplementary E1), ultrasound parameters (long diam-
eter of the gallbladder [LDGB], short diameter of the 
gallbladder [SDGB], gallbladder wall thickness [GBWT], 
common bile duct diameter [CBDD]), and cholecysti-
tis type (acute vs. chronic). Surgical data were also col-
lected, including operative time, conversion to open 
surgery, intraoperative complications (e.g., bile duct inju-
ries, injuries to adjacent organs, need for surgical repair 
or anastomotic procedures), intraoperative blood loss, 
requirement for abdominal drainage, and length of hos-
pital stay. Patients were then categorized into the difficult 
laparoscopic cholecystectomy (DLC) group and non-dif-
ficult laparoscopic cholecystectomy (NDLC) group based 
on predefined scoring criteria.

Conclusion  This study developed the first radiomics-clinical random forest model for the preoperative prediction of 
DLC by machine learning algorithms. This predictive model supports safer and individualized surgical planning and 
treatment strategies.

Keywords  Laparoscopic cholecystectomy, Radiomics, Machine learning, Surgical difficulty prediction
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Image acquisition and preprocessing
CT scans were performed using institutional spiral CT 
scanners, including SOMATOM Definition Flash and 
SOMATOM Perspective (Siemens Medical Systems), 
BRILLIANCE16 (Philips Healthcare), and Optima 
CT670, CT660, CT620, and Revolution CT (GE Health-
care). Scanning parameters were as follows: automatic 
tube current and tube voltage 120 kV, detector collima-
tion 64 × 0.6 or 128 × 0.625  mm, matrix 512 × 512, slice 
thickness 5 mm, slice interval 5 mm.

All patients were scanned in the supine position, cov-
ering the upper abdomen. To ensure feature reproduc-
ibility and mitigate variability across different scanners, 
all images were resampled to a standardized voxel size 
of 1 × 1 × 5 mm3 using a B-spline interpolation algorithm. 
Voxel intensity values were discretized using a fixed bin 
width of 32 units, with the window width and level set 
to 350 and 40, respectively. Preprocessing procedures 
adhered strictly to the International Biomarker Stan-
dardization Initiative to maintain scientific rigor and 
reproducibility.

Super-resolution reconstruction
Unlike solid organs, the gallbladder has both a serosal 
and mucosal surface, making delineation of its wall par-
ticularly challenging. Given that normal gallbladder wall 
thickness ranges from one to three mm, marginal regions 
constitute a significant proportion of the structure, and 
precise delineation is crucial for accurate analysis. How-
ever, the spatial resolution of medical images is often lim-
ited due to hardware constraints, acquisition time, and 
radiation exposure.

To enhance image clarity, we employed a super-res-
olution reconstruction technique based on a genera-
tive adversarial network framework [16, 17]. Generative 
adversarial networks consist of two adversarial neural 
networks: a generator, which synthesizes high-resolution 
images from low-resolution inputs, and a discriminator, 
which distinguishes real high-resolution images from 
generated ones. The generator progressively refines its 
high-resolution to low-resolution mapping, while the dis-
criminator enhances its capacity to differentiate between 
synthetic and real images.

We curated a large-scale dataset and applied standard-
ized preprocessing techniques, including noise reduction, 
artifact correction, and intensity normalization. Paired 
high-resolution to low-resolution samples were gener-
ated by controlled downsampling of original high-res-
olution images. The composite loss function integrated: 
(I) Gradient loss, ensuring structural consistency in edge 
features. (II) L1 loss, minimizing pixel-wise deviations. 
(III) Perceptual loss, based on deep feature comparisons 
using a pre-trained neural network, preserving anatomi-
cal fidelity [18].

This approach increased spatial resolution by a fac-
tor of four, transforming1 × 1 × 5 mm3 voxels into 
0.25 × 0.25 × 5 mm3, effectively eliminating jagged edges 
and blurring (Supplementary F1). The improved image 
resolution enhanced region-of-interest (ROI) delineation 
and minimized interobserver variability, which is crucial 
for radiomic analysis. All super-resolution reconstruction 
tasks were performed using Python (version 3.7).

Image segmentation and radiomics features extraction
ROIs were manually delineated on CT images using 3D 
Slicer (version 5.6.1, https://www.slicer.org/). For each 
patient, three consecutive slices where the gallbladder 
wall was clearly visible were selected, while the top and 
bottom slices were excluded to minimize partial volume 
effects. Gallbladder wall regions were carefully con-
toured, avoiding bile and gallstones. The Clot’s triangle 
region was left unmarked if visualization was challeng-
ing. To assess interobserver reproducibility, two radiolo-
gists (with eight [The 8th author] and fifteen years [The 
9th author] of experience) independently segmented 
200 randomly selected cases, blinded to clinical data. 
The inter-class correlation coefficient was computed for 
radiomics feature consistency, with inter-class correla-
tion coefficient > 0.80 indicating high reproducibility. The 
remaining segmentations were completed by the radiolo-
gist with eight years of experience.

Radiomic features were extracted using PyRadiomics 
(version 3.0.1, ​h​t​t​p​​:​/​/​​p​y​r​a​​d​i​​o​m​i​​c​s​.​​r​e​a​d​​t​h​​e​d​o​c​s​.​i​o​/) on 
Python (version 3.7). Features were categorized into six 
groups: (I) Geometry, (II) Intensity, (III) Texture (GLCM, 
GLDM, GLRLM, GLSZM, NGTDM), (IV) Fractal, (V) 
Hessian, and (VI) Topology (Supplementary E2).

Radiomics and clinical feature selection
Both radiomic features and clinical characteristics must 
undergo statistical preprocessing and analytical pro-
cedures before downstream selection. For radiomic 
features, to further mitigate potential overfitting, we 
subjected the filtered features to minimum redundancy 
maximum relevance (mRMR) selection and retained the 
30 most relevant features. The most representative fea-
tures were selected for the radiomics model establish-
ment through the least absolute shrinkage and selection 
operator (LASSO) method. The optimal regularization 
weight (λ) was determined through ten-fold cross-valida-
tion utilizing a minimum criteria approach to select the λ 
value corresponding to the lowest cross-validation error. 
Finally, the optimal features with corresponding nonzero 
coefficients were linearly radiomics-clinical to obtain a 
Rad-Score for classification analysis.

For clinical characteristics, apart from LASSO, we also 
used Boruta, which had been validated in previous radi-
onics studies as a reliable method to determine the most 

https://www.slicer.org/
http://pyradiomics.readthedocs.io/
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relevant parts [19]. The Boruta algorithm utilizes Ran-
dom Forest-based iterative feature selection by compar-
ing original features against shuffled “shadow attributes” 
as noise benchmarks. Features are retained only if their 
permutation importance (Z-score) consistently surpasses 
the maximum shadow attribute score across iterations, 
ensuring statistically validated relevance. This process 
eliminates spurious correlations and enhances high-
dimensional data stability, effectively identifying strong 
and subtle predictive variables. Only characteristics 
retained in both LASSO and Boruta would be used for 
downstream modeling.

Data balancing and model construction, evaluation, and 
explanation
To address class imbalance, the Synthetic Minority 
Oversampling Technique (SMOTE) was employed before 
model training [20]. SMOTE identifies the k-nearest 
neighbors for each minority class instance within the 
feature space. For every selected instance, synthetic data 
points are created along the line segments connecting it 
to its neighbors. This interpolation introduces diversity 
into the minority class while preserving the intrinsic dis-
tribution of the original dataset. Unlike random overs-
ampling, which duplicates existing instances and risks 
model overfitting, SMOTE expands the minority class’s 
representation by filling gaps in the feature space. The 
synthetic instances encourage classifiers to form broader, 
more generalized decision regions, thereby improving 
robustness against majority class dominance. By balanc-
ing class distributions through synthetic generation and 
strategic majority class reduction, SMOTE mitigates bias 
and enhances predictive performance on imbalanced 
datasets.

Three models were constructed, including the clinical 
model, radiomics model, and radiomics-clinical com-
bined model. Six machine learning algorithms were 
applied: logistic regression, support vector machine, 
random forest (RF), decision trees, eXtreme Gradient 
Boostin, and naïve Baye. The ratio of the training cohort 
to the validation cohort was 7:3 in our research, and the 
ten-fold cross-validation was employed to evaluate the 
performance of our models. Model performance was 
assessed using area under the receiver operating charac-
teristic curve (AUC), accuracy, and Brier score. Decision 
curve analysis (DCA) and calibration curves were used 
to evaluate clinical utility. SHapley Additive exPlanations 
(SHAP) analysis was employed to rank feature impor-
tance and provide individualized model interpretation 
[21, 22].

Statistical analysis
All radiomic features underwent Z-score normalization 
to ensure comparability across scales after extraction. 

The normality of distribution was assessed using the 
Shapiro-Wilk test. Features conforming to normality 
were subjected to independent samples t-tests for inter-
group comparison, while non-normally distributed fea-
tures were analyzed via Mann-Whitney U tests. Features 
with statistically significant differences (p < 0.05) were 
retained. Pairwise Pearson correlation coefficients were 
computed to mitigate multicollinearity, and feature pairs 
exhibiting high redundancy (|r| >0.9) were processed 
through recursive elimination.

For clinical characteristics, continuous variables 
were initially assessed for normality using the Shapiro-
Wilk test. Normally distributed data were presented 
as mean ± standard deviation, while non-normally dis-
tributed variables were summarized as median with 
interquartile range (IQR). Categorical variables were 
expressed as frequency percentages. Between-group 
comparisons utilized the following statistical approaches: 
Chi-square tests for categorical variables, independent 
two-sample t-tests for normally distributed continu-
ous variables, and the Kruskal-Wallis rank-sum test for 
nonparametric distributions. A p-value of ≤ 0.001 was 
considered to denote statistical significance for clinical 
characteristics. To account for potential confounding 
effects during modeling, pairwise correlations between 
continuous variables were evaluated through Spearman’s 
rank correlation analysis [23]. Feature pairs exhibiting 
redundancy > 0.80 were manually processed. All statisti-
cal analysis, calculations, Boruta, SMOTE, model con-
struction, and SHAP were performed using R software 
(version 4.3.2).

Results
Definition of difficult laparoscopic cholecystectomy
There are no universally accepted criteria for assessing 
the intraoperative difficulty of LC. Most studies define 
surgical complexity using parameters such as operative 
time, conversion to open surgery, and intraoperative 
complications [4, 5, 9]. However, these metrics are inher-
ently influenced by surgeon experience, institutional 
protocols, and individual variations in surgical tech-
nique, limiting their generalizability. To partially miti-
gate operator-dependent bias, Bourgouin et al. proposed 
defining DLC as procedures requiring 1.5 times the 
individual base time [24]. While this method improves 
consistency, it imposes constraints on sample size eligi-
bility and retrospective data standardization. Although 
intraoperative findings provide valuable insights into 
surgical complexity [11, 25], retrospective studies often 
face challenges in capturing nuanced details of surgical 
difficulty. To address these limitations, we developed a 
new scoring system based on six parameters: operative 
time, conversion to open surgery, intraoperative compli-
cations, intraoperative blood loss, abdominal drainage 
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placement and length of hospital stay. A total score of 
≤ three was classified as NDLC, whereas ≥ four was clas-
sified as DLC (Table 1). These scoring criteria were estab-
lished by a panel of nine experienced surgeons from our 
department, including: two surgeons with > 30 years of 

experience, two surgeons with > 20 years of experience, 
one surgeon with > 15 years of experience and four sur-
geons with > eight years of experience.

Given that operative time and conversion to open sur-
gery are widely recognized as key indicators of surgical 
difficulty [4, 9], these parameters were incorporated into 
our scoring system. Additionally, acute inflammatory 
changes and chronic fibrotic remodeling in cholecysti-
tis can distort anatomical structures, increasing the risk 
of bile duct injury and intraoperative bleeding [15, 26]. 
Severe adhesions or inflammation often necessitate sub-
hepatic drain placement at our center to facilitate early 
detection of bile leaks, occult hemorrhage, and fluid col-
lections [27]. Lastly, as the standard postoperative hospi-
tal stay is two days, an extended length of stay serves as a 
proxy for surgical complexity and postoperative compli-
cations [6].

Clinical characteristics of patients
The workflow of this study is illustrated in Fig. 1. A total 
of 2,983 patients who underwent laparoscopic cholecys-
tectomy were retrospectively reviewed. After applying 
the exclusion criteria, 2,055 patients were included in the 
final analysis. Based on our DLC scoring system, patients 
were categorized into two groups: DLC group (646, 
31.44%) and the NDLC group (1409, 68.56%) (Fig. 2).

Table  2 presents the baseline clinical characteristics 
of the study cohort. Compared to the NDLC group, 
patients in the DLC group were: older (60.90 ± 13.48 vs. 
57.27 ± 13.59, p < 0.001), predominantly male (55.60% 
vs. 37.00%, p < 0.001), and had higher BMI (25.78 ± 3.33 
vs. 25.23 ± 3.55, p = 0.001). Patients also showed a 
higher proportion of ERCP history (4.70% vs. 1.20%, 

Table 1  The new scoring criteria for DLC classification
Clinical characters Score
Operative time, (min)

(0,60) 0
[60,70) 1
[70,80) 2
[80,90) 3
[90,+∞) 4

intraoperative blood loss, (ml)
(0,5] 0
(5,10] 1
(10,20] 2
(20,+∞) 4

length of hospital stay, (day)
[0,2] 0
3 1
[4,+∞) 3

need for conversion
Yes 4
No 0

intraoperative complications
Yes 4
No 0

usage of abdominal drainage
Yes 4
No 0

Score 0–3: Normal laparoscopic cholecystectomy

Score ≥ 4: Difficult laparoscopic cholecystectomy

Fig. 1  Workflow of our study

 



Page 6 of 17Sun et al. World Journal of Emergency Surgery           (2025) 20:62 

p < 0.001) and acute cholecystitis (33.30% vs. 5.60%, 
p < 0.001). And Laboratory markers of systemic inflam-
mation were significantly elevated in the DLC group, 
including: C-Reactive Protein (CRP) (17.68 ± 41.94 vs. 
2.47 ± 11.07, p < 0.001), White Blood Cell Count (WBC) 
(7.05 ± vs. 6.01 ± 1.89, p < 0.001), Lymphocyte Percent-
age (28.15 ± 12.41 vs. 34.28 ± 9.58, p < 0.001), platelet-to-
lymphocyte ratio (PLR) (149.30 ± 80.00 vs. 125.74 ± 56.62, 
p < 0.001), Neutrophil-to-Lymphocyte Ratio (NLR) 
(3.14 ± 3.58 vs. 2.03 ± 2.24, p < 0.001). Additionally, bio-
chemical and coagulation parameters were significantly 
altered, including: lower Low-Density Lipoprotein Cho-
lesterol (LDL-C) (2.64 ± 0.72 vs. 2.89 ± 0.76, p < 0.001) and 
Apolipoprotein A-1 (apoA-1) (1.22 ± 0.28 vs. 1.35 ± 0.26, 
p < 0.001), elevated Alkaline Phosphatase (ALP) 
(85.88 ± 53.64 vs. 74.08 ± 30.71, p < 0.001) and increased 
fibrinogen (Fbg) (3.67 ± 1.21 vs. 2.98 ± 0.65, p < 0.001). 
Ultrasound parameters were also significantly differ-
ent between groups: GBWT (0.43 ± 0.21 vs. 0.33 ± 0.14, 

p < 0.001), SDGB (3.11 ± 1.02 vs. 2.69 ± 0.79, p < 0.001) and 
LDGB (7.55 ± 2.00 vs. 6.83 ± 1.48, p < 0.001). These find-
ings suggest that a combination of clinical, laboratory, 
and imaging parameters may enable early prediction of 
DLC risk.

Feature selection and covariate removal
A correlation analysis was performed on the predic-
tive clinical variables with a p-value threshold of < 0.001 
(Fig.  3a). Clinical features with inter-correlation coef-
ficients > 0.80 were manually curated to retain represen-
tative features from each correlated cluster, based on 
clinical relevance and statistical significance. The results 
revealed a strong correlation between NLR and several 
other features, including neutrophil percentage, neu-
trophil count, and lymphocyte percentage. Given the 
high research value of NLR in multiple studies and its 
strong correlation with the outcome variable, we decided 
to retain NLR in the analysis [28–30]. Consequently, 

Fig. 2  Flowchart illustrating the patient enrollment process and study design
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Variable Difficult laparoscopic
cholecystectomy (DLC)
n = 646

Non-difficult laparoscopic
cholecystectomy (NDLC)
n = 1409

P value

Age, (years) 60.90 ± 13.48 57.27 ± 13.59 < 0.001*

Gender, (n%) < 0.001#

Male 359 (55.57%) 521 (36.98%)
Femle 287 (44.43%) 888 (63.02%)

BMI, (kg/m2) 25.78 ± 3.33 25.23 ± 3.55 0.001*

Abdominal operation history (n%) 0.821
Yes 92 (14.24%) 206 (14.62%)
No 554 (85.76%) 1203 (85.38%)

ERCP history, (n%) < 0.001#

Yes 31 (4.80%) 17 (1.21%)
No 615 (95.20%) 1392 (98.79%)

Type of acute
or chronic, (n%)

< 0.001#

Acute 215 (33.28%) 79 (5.61%)
Chronic 431 (66.72%) 1330 (94.39%)

WBC, (×109/L) 7.05 ± 3.14 6.01 ± 1.89 < 0.001*

Neut%, (%) 61.98 ± 13.57 55.84 ± 10.32 < 0.001*

Lymph%, (%) 28.15 ± 12.41 34.28 ± 9.58 < 0.001*

Mono%, (%) 7.37 ± 2.08 7.11 ± 1.93 0.005
Eos%, (%) 2.02 ± 2.19 2.33 ± 2.09 0.100
Baso%, (%) 0.47 ± 0.31 0.51 ± 0.28 0.004
Neut#, (×109/L) 4.65 ± 3.02 3.54 ± 4.04 < 0.001*

Lymph#, (×109/L) 1.75 ± 0.67 2.04 ± 2.49 0.003
Mono#, (×109/L) 0.51 ± 0.26 0.65 ± 8.67 0.684
Eos#, (×109/L) 0.12 ± 0.17 0.13 ± 0.14 0.639
Baso#, (×109/L) 0.03 ± 0.02 0.04 ± 0.28 0.481
RBC, (×10¹²/L) 4.50 ± 0.51 4.54 ± 0.49 0.114
Hb, (g/L) 136.90 ± 29.50 135.91 ± 21.18 0.392
Hct, (%) 59.13 ± 4.38 40.94 ± 4.35 0.150
MCV, (fL) 90.08 ± 4.70 90.20 ± 4.95 0.597
MCH, (pg) 30.25 ± 1.86 30.18 ± 1.92 0.436
MCHC, (g/L) 335.74 ± 11.75 334.53 ± 11.82 0.031
PLT, (×109/L) 229.48 ± 68.18 227.49 ± 58.17 0.495
MPV, (fL) 10.04 ± 1.00 10.08 ± 1.00 0.485
PDW, (%) 13.38 ± 2.52 13.18 ± 2.51 0.098
PLR 149.30 ± 80.00 125.74 ± 56.62 < 0.001*

NLR 3.14 ± 3.58 2.03 ± 2.24 < 0.001*

CRP, (mg/L) 17.68 ± 41.94 2.47 ± 11.07 < 0.001*

TP, (g/L) 74.28 ± 15.14 73.69 ± 13.36 0.373
ALB, (g/L) 43.32 ± 7.92 44.53 ± 7.25 0.001*

PA, (mg/L) 222.75 ± 74.83 253.61 ± 59.48 < 0.001*

TBIL, (µmol/L) 20.73 ± 16.72 17.36 ± 10.88 < 0.001*

DBIL, (µmol/L) 8.43 ± 5.68 10.41 ± 6.09 < 0.001*

IBIL, (µmol/L) 12.62 ± 8.63 11.90 ± 6.76 0.040
ALT, (U/L) 46.63 ± 72.1 34.58 ± 48.82 < 0.001*

AST, (U/L) 28.45 ± 42.85 23.30 ± 24.57 0.001*

GGT, (U/L) 87.69 ± 141.82 57.00 ± 105.61 < 0.001*

ALP, (U/L) 85.88 ± 53.64 74.08 ± 30.71 < 0.001*

LDH, U/L) 179.73 ± 72.12 172.69 ± 67.95 0.033
ChE, (kU/L) 8030.95 ± 1670.34 8611.72 ± 1553.57 < 0.001*

TG, (mmol/L) 1.28 ± 0.68 1.38 ± 1.08 0.040
TC, (mmol/L) 4.01 ± 1.37 4.12 ± 1.62 0.144

Table 2  The baseline characteristics of the patients
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neutrophil percentage, neutrophil count, and lymph 
percentage were excluded. Additionally, clinical features 
such as direct bilirubin (DBIL), alanine aminotransferase 
(ALT), apoA-1, LDL-C, and prothrombin time (PT) were 
retained, while total bilirubin (TBIL), aspartate amino-
transferase (AST), high-density lipoprotein cholesterol 
(HDL-C), apolipoprotein B (apoB), PT-international nor-
malized ratio (PT-INR), and prothrombin activity (PTA) 
were excluded. The correlations between the remain-
ing variables were further confirmed using heatmaps 
(Fig. 3b). Feature selection was then conducted using the 
Boruta and LASSO algorithms. The results of clinical 
feature screening using the Boruta algorithm are shown 
in Fig. 4a. Boruta classified features into three categories 
based on their relative importance compared to the shuf-
fled “shadow” features (blue area). The box plot depicts 
the Z-values of each variable during model calculation. 
Features in the green area (e.g., type of acute or chronic 
disease, Fbg) were confirmed as statistically significant 
predictors, exhibiting higher importance scores than 

the maximum shadow feature (shadowMax). Features 
in the yellow area (e.g., PT, glucose [Glu]) showed ten-
tative importance, with scores overlapping the shadow-
Max threshold and requiring further validation. Features 
in the red area (e.g., BMI) were deemed unimportant, as 
their importance fell below the shadowMin threshold. 
This analysis retained 25 confirmed features and two ten-
tative features for subsequent modeling, effectively filter-
ing out noise variables like BMI.

The LASSO regression method was then used in com-
bination with Boruta to select the final clinical features. 
The coefficient paths (Fig.  4b) demonstrated how fea-
ture coefficients shrank toward zero as the regularization 
parameter (λ) increased, with key features maintaining 
non-zero coefficients across a wide range of λ values, 
indicating their robust association with the outcome. 
Cross-validation (Fig. 4c) was used to identify the optimal 
λ value that minimized mean squared error, balancing 
model complexity and predictive accuracy. Ultimately, 
14 clinical features were retained for further analysis. The 

Variable Difficult laparoscopic
cholecystectomy (DLC)
n = 646

Non-difficult laparoscopic
cholecystectomy (NDLC)
n = 1409

P value

HDL-C, (mmol/L) 1.18 ± 0.31 1.25 ± 0.28 < 0.001*

LDL-C, (mmol/L) 2.64 ± 0.72 2.89 ± 0.76 < 0.001*

apoA-1, (g/L) 1.22 ± 0.28 1.35 ± 0.26 < 0.001*

apoB, (g/L) 0.84 ± 0.21 0.87 ± 0.21 0.001*

Lp(a), (mg/dL) 214.70 ± 178.94 209.91 ± 179.34 0.574
FFA, (mmol/L) 0.51 ± 0.20 0.48 ± 0.19 < 0.001*

Glu, (mmol/L) 5.60 ± 1.70 5.32 ± 1.27 < 0.001*

Urea, (mmol/L) 5.12 ± 1.88 5.11 ± 1.26 0.923
PT, (s) 11.36 ± 1.41 11.10 ± 1.22 < 0.001*

PT-INR 1.00 ± 0.11 0.98 ± 0.09 < 0.001*

PTA, (%) 103.38 ± 22.94 107.25 ± 22.69 < 0.001*

APTT, (s) 31.26 ± 3.94 31.26 ± 3.44 0.968
APTTR 1.08 ± 0.12 1.08 ± 0.11 0.220
TTR 1.09 ± 0.11 1.13 ± 0.09 < 0.001*

TT, (s) 15.76 ± 2.25 16.29 ± 2.09 < 0.001*

Fbg, (g/L) 3.67 ± 1.21 2.98 ± 0.65 < 0.001*

LDGB, (cm) 7.55 ± 2.00 6.83 ± 1.48 < 0.001*

SDGB, (cm) 3.11 ± 1.02 2.69 ± 0.79 < 0.001*

GBWT, (mm) 0.43 ± 0.21 0.33 ± 0.14 < 0.001*

CBDD, (mm) 0.55 ± 0.15 0.53 ± 0.12 0.001*

*statistical significance(p ≤ 0.001) after independent two-sample t-tests;

#statistical significance(p ≤ 0.001) after Chi-square tests

WBC, white blood cell count; Neut%, neutrophil percentage; Lymph%, lymphocyte percentage; Mono%, monocyte percentage; Eos%, eosinophil percentage; 
Baso%, basophil percentage; Neut#, neutrophil count; Lymph#, lymphocyte count; Mono#, monocyte count; Eos#, eosinophil count; Baso#, basophil count; RBC, red 
blood cell count; Hb, hemoglobin; Hct, hematocrit; MCV, mean corpuscular volume; MCH, mean corpuscular hemoglobin; MCHC, mean corpuscular hemoglobin 
concentration; PLT, platelet count; MPV, mean platelet volume; PDW, platelet distribution width; PLR, platelet-to-lymphocyte ratio; NLR, neutrophil-to-lymphocyte 
ratio; CRP, C-reactive protein; TP, total protein; ALB, albumin; PA, prealbumin; TBIL, total bilirubin; DBIL, direct bilirubin; IBIL, indirect bilirubin; ALT, alanine 
aminotransferase; AST, aspartate aminotransferase; GGT, gamma-glutamyl transferase; ALP, alkaline phosphatase; LDH, lactate dehydrogenase; ChE, cholinesterase; 
TG, triglyceride; TC, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; apoA-1, apolipoprotein A-1; apoB, 
apolipoprotein B; Lp(a), lipoprotein(a); FFA, free fatty acid; Glu, glucose; PT, prothrombin time; PT-INR, prothrombin time international normalized ratio; PTA, 
prothrombin time activity; APTT, activated partial thromboplastin time; APTTR, activated partial thromboplastin time ratio; TTR, thrombin time ratio; TT, thrombin 
time; Fbg, fibrinogen; LDGB, long diameter of the gallbladder; SDGB, short diameter of the gallbladder; GBWT, gallbladder wall thickness; CBDD, common bile duct 
diameter

Table 2  (continued) 
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intersection of the top 15 Boruta-identified features and 
the 14 LASSO-retained features resulted in the selection 
of nine clinical features for subsequent modeling: type of 
acute or chronic disease, Fbg, C-reactive protein, GBWT, 
SDGB, PLR, apoA-1, ALP, and LDL-C (Fig. 4d).

Radiomics features extraction and selection
In total, 2,658 handcrafted radiomics features were 
extracted across ten categories for each imaging modal-
ity (Supplementary F2). To refine the feature set, a 
three-step filtering process was applied: first, an inter-
class correlation coefficient analysis across all features 
was performed to assess feature reproducibility [with 
median = 0.88 (range: 0.53–1.00)]; second, statistical tests 
(t-test or Mann-Whitney U test) were used to identify 
significant differences between groups; and third, Pear-
son correlation coefficient analysis was applied to remove 
highly correlated redundant features. After these steps, 
890 features remained for further analysis.

Subsequently, two feature selection methods were used: 
mRMR and LASSO. The mRMR method was first applied 
to eliminate redundant and irrelevant features, retaining 
the 30 most relevant features (Supplementary E3). Then, 
LASSO regression was conducted to further optimize 
the feature subset. This process resulted in the selection 
of nine key radiomics features for model construction 
(Fig. 4e and f ). The final Rad-Score was computed using 
the following formula:

Rad-Score = -1.59856720711946 + 0.4233626
81787926 * wavelet_LLH_glszm_GrayLevelNo-
nUniformity + 0.117175965304045 * exponen-
t i a l _ n g td m _ B u s y n e s s  +  0 . 0 0 2 0 1 2 4 5 8 6 2 1 7 3 6 5 3 

* original_shape_MinorAxisLen-
gth + 0.000641368517257317 * original_topology_Skeleton 
Length − 1.41953267045166e-05 * wavelet_LLL_glszm_
GrayLevelVariance − 5.70803319069496e-05 * wave-
let_HLL_ngtdm_Strength − 0.00102732335840969 
* logarithm_hessian_AxisZ90Percentile 
− 0.00207504538088785 * wavelet_HHH_ngtdm_Strength 
− 0.00465363023203582 * gradient_hessian_AxisZStd.

Model construction and evaluation
Six different machine learning algorithms were evaluated 
for their predictive performance. Table 3 summarizes the 
performance metrics of these models. We constructed 
three types of predictive models: (I) a radiomics model 
based on Rad-Score alone, (II) a clinical model based on 
selected clinical features, and (III) a radiomics-clinical 
model combining both Rad-Score and clinical features. 
Across all six algorithms, the radiomics-clinical model 
outperformed the radiomics and clinical models in both 
the training cohort (Fig. 5) and validation cohort (Supple-
mentary F3). Among the tested algorithms, the RF model 
demonstrated the highest predictive performance, with 
an AUC of 0.906 (radiomics), 0.932 (clinical), and 0.938 
(radiomics-clinical) in the training cohort (Fig.  6a), and 
an AUC of 0.840 (radiomics), 0.867 (clinical), and 0.874 
(radiomics-clinical) in the validation cohort (Fig.  6b). 
Given its superior performance, the RF-based radiomics-
clinical model was selected as the final predictive model 
for difficult DLC.

To further validate its effectiveness, we compared our 
radiomics-clinical model with previously published pre-
dictive models (Table  4). The results demonstrated that 

Fig. 3  The correlation heatmap between the clinical variables. (a) Correlation Heatmap of all variables. (b) Correlation heatmap after removing collinear 
variables
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our model achieved higher AUC values than all prior 
models, indicating superior predictive accuracy and clini-
cal applicability. DCA was conducted to assess the clini-
cal utility of the predictive models. In the training cohort 
(Fig.  6c), the radiomics-clinical model demonstrated a 
higher net benefit than both the clinical and radiomics 
models, indicating superior predictive utility. This advan-
tage was consistently preserved in the external validation 
cohort (Fig. 6d), highlighting the model’s generalizability 
and robustness. Calibration curves were used to assess 
the agreement between predicted and actual outcomes. 
In the training cohort (Fig.  6e), the radiomics-clinical 
model showed near-perfect alignment between predicted 

and observed probabilities, outperforming both the clini-
cal and radiomics models. Similarly, in the validation 
cohort (Fig.  6f ), the model maintained strong calibra-
tion, with minimal deviation from the ideal 45-degree 
reference line, confirming stable predictive performance 
across different populations.

Model explanation and application
To enhance the interpretability of the RF-based 
radiomics-clinical model, we utilized SHAP to evaluate 
feature importance and individual prediction contribu-
tions. SHAP values were calculated for all predictive fea-
tures, revealing that GBWT had the highest predictive 

Fig. 4  (a) The Boruta algorithm classified features into three distinct categories and features in the green area were confirmed as statistically important 
predictors. (b), (c) The lasso process for clinical feature selection. (d) The intersection of the top 15 Boruta-identified features and 14 Lasso-retained fea-
tures. (e), (f)The lasso process for radiomics feature selection
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value (SHAP value = 0.116), followed by the Rad-Score 
(SHAP value = 0.099) (Fig. 7a). Violin plots (Fig. 7b) visu-
alized the correlation between SHAP values and fea-
ture magnitude, with higher feature values (yellow dots) 
associated with an increased risk of DLC, whereas lower 
values (purple dots) correlated with lower risk. Interest-
ingly, while most biomarkers showed positive associa-
tions with DLC risk, two biochemical markers—LDL-C 
and apoA-1—exhibited an inverse correlation with DLC 
development, suggesting a potential protective effect.

To further illustrate individualized risk assessment, 
Fig.  7c and d present SHAP-based predictions for two 
representative patients: Fig.  7c depicts a patient who 
developed DLC, with SHAP values identifying high-risk 
features contributing to the prediction, while Fig.  7d 
illustrates a patient who underwent NDLC, with SHAP 
analysis highlighting protective factors that reduced the 
difficulty risk. In these plots, yellow features indicate 
increased DLC risk, whereas purple features indicate 
reduced risk. The length of each SHAP arrow represents 
the magnitude of a feature’s contribution to the final pre-
diction, where a longer arrow indicates a stronger effect. 
These findings confirm that SHAP analysis provides a 
transparent, interpretable framework for understanding 
model predictions at both the population and individual 
levels, enhancing its potential for clinical application and 
decision-making.

Finally, we developed a risk calculator on an online 
platform (http://123.56.229.150:1003), providing access 
to web tools tailored to the prediction of DLC. By input-
ting radiomics and clinical features data directly into des-
ignated text fields on the webpage, users can obtain the 
desired prediction outcomes conveniently.

Discussion
LC is the standard surgical approach for cholelithiasis 
with cholecystitis and a routine procedure in hepatobi-
liary surgery [1]. However, even experienced surgeons 
may encounter intraoperative complications, includ-
ing bile duct injury, and occasionally require conver-
sion to open surgery [5, 8]. Therefore, preoperative 
prediction of potential difficult cases holds significant 
clinical importance. This study developed and validated 
a radiomics-clinical predictive model for DLC based 
on preoperative CT images and clinical characteristics 
using various machine learning models. CT radiomics 
features and clinically significant data were obtained 
from 2,055 patients at our medical facility, including 646 
DLC patients and 1,409 NDLC patients. The application 
of deep learning-based super-resolution reconstruction 
enhanced the quality of low-resolution images by gener-
ating high-resolution versions. Among the six machine 
learning models evaluated, the radiomics-clinical RF 
model demonstrated optimal performance, achieving Ta
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a significantly higher AUC of 0.938 and an accuracy of 
85.60% in the training cohort, and an AUC of 0.874 with 
an accuracy of 79.7% in the validation cohort. DCA and 
calibration curves further demonstrated the strong clini-
cal utility and reliability of our model. We employed 
SHAP analysis to generate intuitive visual representations 
elucidating the relative contributions of input variables. 
Ultimately, Rad-Score and nine clinical characteristics—
GBWT, Fbg, ALP, LDL-C, CRP, PLR, type of acute or 
chronic disease, apoA1, and SDGB—were identified as 
pivotal risk factors for distinguishing DLC cases. Based 
on these findings, we recommend that clinicians use this 
predictive model preoperatively to improve surgical plan-
ning and preparation. This study confirms that AI-driven 
models offer reliable, cost-effective, and clinically action-
able insights to support medical decision-making.

Our study pioneers the application of radiomics in 
DLC prediction, establishing a novel paradigm for fore-
casting surgical outcomes in cholelithiasis with chole-
cystitis. The inclusion of radiomic features encapsulated 
in the Rad-Score adds substantial value beyond semi-
quantitative morphological parameters by capturing 
subtle but critical patterns in preoperative imaging that 

are often overlooked by human observers. Specifically, 
radiomic texture analysis provides a means to quantify 
inflammatory and fibrotic changes, yielding a more com-
prehensive understanding of disease progression. The 
best-performing radiomics model in our study achieved 
an AUC of 0.906 (accuracy: 83.4%) in the training cohort 
and an AUC of 0.840 (accuracy: 76.4%) in the validation 
cohort, demonstrating robust predictive performance. 
Notably, in the SHAP analysis, Rad-Score emerged as the 
second most influential feature among the ten variables 
in the radiomics-clinical model, underscoring its strong 
predictive capacity. Our feature selection process also 
preserved two semiquantitative morphological param-
eters—GBWT (SHAP value = 0.116) and SDGB (SHAP 
value = 0.019)—which were previously associated with 
DLC predictive efficacy [4], thereby reaffirming their 
biological relevance through rigorous cross-validation. 
While other morphological parameters, such as LDGB 
and CBDD, demonstrated modest but statistically signifi-
cant associations, they were ultimately excluded from the 
final model.

The multistage feature selection protocol employed 
in this study represents a significant methodological 

Fig. 5  The performance of the six models in the training cohort. (a) - (d) show the AUC, accuracy and brier score of clinical models; (e)- (h) show the AUC, 
accuracy and brier score of radiomics models; (i) - (l) show the AUC, accuracy and brier score of radiomics-clinical models
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advancement over conventional approaches. First, 
hypothesis-driven statistical filtering retained only vari-
ables demonstrating highly significant intergroup dif-
ferences (p < 0.001) between DLC and NDLC cohorts, 
thereby substantially reducing the risk of Type I error. 
Next, we systematically eliminated collinear variables 
by excluding feature pairs with Spearman’s correlation 

coefficients > 0.80, preemptively addressing multicol-
linearity-induced coefficient distortion before machine 
learning processing. Finally, a dual-algorithm con-
sensus approach combining Boruta’s all-relevant fea-
ture selection method with LASSO regularization was 
implemented. This orthogonal methodology effec-
tively mitigated overfitting risks while identifying nine 

Fig. 6  The performance of the RF models in the training cohort (a) and validation cohort(b). The decision curve analysis (DCA) of radiomics-clinical 
(combined) RF models in the training cohort (c) and validation cohort (d). The calibration curves of radiomics-clinical (combined) RF models in the train-
ing cohort (e) and validation cohort (f)
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high-fidelity predictors through the intersection of both 
algorithms’ results. The sequential execution of statisti-
cal filtering, correlation-based elimination, and machine 
learning driven feature selection proved particularly 
effective in eliminating 54 redundant variables while pre-
serving the most informative predictors.

Beyond radiomic features, six serological markers and 
the type of acute or chronic disease were included in 
the final model. Consistent with previous literature, Fbg 
and ALP emerged as the top two serological predictors, 
second only to GBWT and the Rad-Score in predic-
tive importance [24]. Elevated ALP levels likely reflect 
the presence of Mirizzi syndrome, in which impacted 
gallstones cause bile duct compression. Although Fbg 
is primarily recognized as a coagulation marker, it is 
also influenced by leukocyte-associated inflammatory 
responses, making it a key biomarker in the context of 
DLC [31, 32]. Other inflammatory markers, such as PLR 
and CRP, also demonstrated strong associations with 
DLC occurrence, aligning with prior studies linking sys-
temic inflammation to surgical complexity. Moreover, 
our findings corroborate the well-documented associa-
tion between DLC and acute cholecystitis, as 33.28% of 
DLC cases in our cohort originated from acute presen-
tations compared to only 5.61% in the NDLC group 
(p < 0.001), further reinforcing this pathophysiological 
relationship with contemporary clinical data.

Interestingly, our analysis identified two previously 
unreported biomarkers, LDL-C and apoA1, which exhib-
ited significant negative associations with the occurrence 
of DLC. A systematic re-evaluation of lipid metabolism 
parameters—including cholinesterase, triglycerides, total 
cholesterol, HDL-C, LDL-C, apoA1, and apoB—revealed 
a consistent pattern: DLC patients had significantly lower 
mean levels of all lipid biomarkers compared to NDLC 
controls (all p < 0.001). This paradoxical lipid profile 

closely resembles the well-documented “Lipid Paradox” 
observed in cardiovascular diseases and has also been 
reported in other conditions such as rheumatoid arthri-
tis and stroke [33–35]. Moreover, a “U-shaped” associa-
tion between LDL-C levels and mortality risk, mediated 
by CRP levels, has been identified in acute myocardial 
infarction patients, challenging the traditional notion 
that “lower is always better” for LDL-C management. 
This phenomenon may be explained by inflammation-
induced cholesterol catabolism, leading to increased LDL 
receptor expression and enhanced LDL oxidation [36]. 
Oxidized LDL, in turn, exacerbates inflammation, ulti-
mately contributing to disease progression and poorer 
outcomes [37]. However, this mechanism has not been 
extensively studied in hepatobiliary diseases, which sug-
gests potential compensatory metabolic adaptations dur-
ing the progression of cholecystitis. Another possible 
explanation for the observed reduction in lipid levels is 
dietary restriction, as patients with cholecystitis often 
limit their fat intake, further contributing to decreased 
blood lipid levels.

Despite its strengths, this study has several limitations. 
(I) Although our model demonstrates satisfactory per-
formance in a large cohort of 2,055 patients, it requires 
validation through multicenter and prospective studies 
to ensure broader generalizability. Especially for the defi-
nition of DLC which has not be externally validated and 
could introduce subjective bias. (II) This study primar-
ily focused on retrospective analysis of objective clinical 
indicators, such as age, BMI, and hematological tests, but 
did not include an in-depth assessment of descriptive 
indicators, particularly detailed intraoperative findings 
and symptom onset characteristics. (III) The radiomics 
methodologies used in this study can be further refined. 
The integration of deep learning and automated segmen-
tation techniques may further improve predictive accu-
racy and offer a more convenient prediction method for 
clinical application. Future efforts should focus on exter-
nal multicenter validation and prospective data collection 
together with the development of hybrid deep learning-
radiomics-clinical models and automated segmentation 
tools which could leverage patient imaging data to pro-
vide even more reliable clinical decision support.

Conclusions
This study highlights the significant value of CT-based 
radiomics in preoperatively predicting the difficulty of 
LC. By integrating machine learning algorithms with 
preoperative clinical variables, we successfully devel-
oped the first radiomics-clinical random forest model for 
accurately predicting DLC. This model provides a prac-
tical tool for personalized and precise surgical planning, 
enabling clinicians to anticipate challenging cases and 
optimize preoperative preparation.

Table 4  Performance of different predictive models
First author Year of publication Number of predictors AUC
Kama 2001 6 0.83
Lipman 2007 6 0.83
Randhawa 2009 9 0.82
Gupta 2013 9 0.86
Kim 2014 3 0.83
Bourgouin 2016 5 0.80
Beksac 2016 4 0.77
Sutcliffe 2016 6 0.80
Hu 2016 5 0.87
Raza 2019 8 0.86
Nassar 2019 8 0.78
Wennmacker 2019 3 0.86
Tongyoo 2021 9 0.82
Ramírez-Giraldo 2022 8 0.88
Our study 2025 10 0.94
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Abbreviations
LC	� Laparoscopic cholecystectomy
ERCP	� Endoscopic retrograde cholangiopancreatography
LDGB	� Long diameter of the gallbladder
SDGB	� Short diameter of the gallbladder
GBWT	� Gallbladder wall thickness
CBDD	� Common bile duct diameter
DLC	� Difficult laparoscopic cholecystectomy
NDLC	� Non-difficult laparoscopic cholecystectomy
ROI	� Region-of-interest
mRMR	� Minimum redundancy maximum relevance
LASSO	� The least absolute shrinkage and selection operator
SMOTE	� The Synthetic Minority Oversampling Technique
RF	� Random forest
AUC	� Area under the receiver operating characteristic curve
DCA	� Decision curve analysis
SHAP	� SHapley Additive exPlanations
CRP	� C-Reactive Protein
WBC	� White Blood Cell Count

PLR	� Platelet-to-lymphocyte ratio
NLR	� Neutrophil-to-Lymphocyte Ratio
LDL-C	� Lower Low-Density Lipoprotein Cholesterol
apoA-1	� Apolipoprotein A-1
ALP	� Alkaline Phosphatase
Fbg	� Fibrinogen
DBIL	� Direct bilirubin
ALT	� Alanine aminotransferase
PT	� Prothrombin time
TBIL	� Total bilirubin
AST	� Aspartate aminotransferase
HDL-C	� High-density lipoprotein cholesterol
apoB	� Apolipoprotein B
PT-INR	� PT-international normalized ratio
PTA	� Prothrombin activity

Fig. 7  The SHAP value of features maintained in the final combined RF model(a), (b). The original CT image, clinical data, and corresponding SHAP values 
for a representative DLC patient (c) and a representative NDLC patient (d)
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