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Machine learningmodel for differentiating
xanthogranulomatous cholecystitis and
gallbladder cancer in multicenter
largescale study

Check for updates

KeZhang 1,7, JiajiaHe2,7,WeiyueJi3,QunyanPan2,WeilvXiong4, LipingWang5,Weiqi Sun6, LitingXie1 &
Tianan Jiang1

Preoperative differentiation between xanthogranulomatous cholecystitis (XGC) and gallbladder
cancer (GBC) remains challenging due to overlapping clinical and imaging features. This multicenter
retrospective study developed a machine learning (ML) model, LIDGAX, using preoperative clinical,
imaging, and laboratory data from1246patients (554XGC, 692GBC). Twelve variableswere identified
as independent predictors via multivariate logistic regression and least absolute shrinkage and
selection operator analyses. LIDGAX achieved area under the curve (AUC) values of 0.94 (internal
validation) and 0.88 (external testing), outperforming the other five ML models. Calibration and
decision curve analyses demonstrated its superior clinical utility. Compared to six radiologists,
LIDGAX improved sensitivity (1.2–8.5%), specificity (0.0–4.6%), and balanced accuracy (1.8–6.6%),
while reducing average diagnostic time per patient by 30.44–35.76 s. LIDGAX was deployed on an
open-source online platform, maintaining high performance (AUC 0.95, accuracy 0.92). This non-
invasive tool shows strong potential for clinical translation in preoperative differentiation of XGC
and GBC.

In real-world clinical scenario, gallbladder diseases are primarily cate-
gorized as benign cholecystitis or malignant gallbladder cancer. Xan-
thogranulomatous cholecystitis (XGC) is a rare type of chronic
inflammatory gallbladder diseases characterized histologically by focal or
diffuse inflammatory infiltration of foamy cells, multinucleated giant
cells, lymphocytes, and fibroblasts1. In contrast, gallbladder cancer (GBC)
is the most aggressive malignancy of the biliary tract2, with most cases
having a poor prognosis due to its aggressive nature and limited ther-
apeutic options2,3. Accurate differentiation between XGC and GBC has
critical implications for treatment decisions. XGC, being a chronic
inflammatory condition, is typically managed with laparoscopic
cholecystectomy4. Conversely, GBC often necessitates more aggressive
interventions depending on the stage, including liver resection, bile duct
excision, lymph node dissection, and possibly neoadjuvant chemor-
adiotherapy before surgery5. Misdiagnosing GBC as XGC could result in

undertreatment, such as lack of preoperative surgical planning, incom-
plete resection, or inadequate follow-up, potentially accelerating disease
progression. Conversely, misidentifying XGC as GBC could lead to
unnecessary surgical procedures like liver resection or extensive lymph
node dissection, as well as increased complications and resource usage.
Therefore, distinguishing XGC from GBC preoperatively is crucial in
clinical practice, which could reduce intraoperative frozen section mis-
diagnosis risks and guide postoperative surveillance strategies. However,
this differentiation is highly challenging due to the overlapping clinical
characteristics and imaging features of the two diseases, such as
abdominal pain, jaundice, gallbladder wall thickening, and invasion of
adjacent organs6,7. Additionally, misdiagnosis is common, with reported
rates ranging from 10% to 30%6,8–10. Thus, non-invasive preoperative
biomarkers are needed to improve differentiation between XGC and
GBC and reduce overtreatment.
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Preoperative diagnostic imaging for gallbladder diseases commonly
includes ultrasound (US), contrast-enhanced computed tomography
(CECT), and magnetic resonance imaging (MRI). Previous studies have
explored imaging features on US, CT, and MRI to differentiate XGC from
GBC. For instance, gallbladder mucosal line continuity, a low-density
border surrounding the lesion, diffuse gallbladder wall thickening, hypo-
attenuatedorhypoechoicnodules in the thickenedwalls, and thepresenceof
calculi were found to be strongly associated with XGC11–14. Lee et al.15

compared the diagnostic performance of these imaging modalities and
demonstrated that MRI had the highest accuracy, followed by US and CT.
Each imaging technique has distinct advantages and limitations. US is fre-
quently used for initial screening due to its high temporal resolution, ability
to observe blood flow, convenience, absence of radiation, and low cost,
despite its lower spatial resolution. CT is effective for visualizing liver and
lymph node involvement but involves radiation exposure and lower soft
tissue resolution.MRIprovides superior soft tissue resolution and effectively
shows gallbladder wall invasion but is time-consuming and susceptible to
respiratory motion artifacts. Therefore, integrating the features from these
imaging modalities may enhance the differential diagnosis of XGC
and GBC.

Machine learning (ML) algorithms, as novel non-invasive approaches,
can flexibly and efficiently analyze high-throughput data, enabling the
discovery of complex relationships between variables16. Due to their
advanced capabilities, various ML techniques are widely used to identify
disease risk factors, predict treatment outcomes inpatientswith tumors, and
support clinicians in real-world practice17–20. However, a previous study has
indicated that different ML methods can produce varying performance
results21. Therefore, identifying themost effectiveML techniques is essential
for ensuring accurate and reliable predictions and classifications in clinical
applications. To our knowledge, no current research has employedmultiple
MLmethods on large-scale,multi-center datasets to differentiate XGC from
GBC in real-world settings.

In this study, we developed distinct ML-based models to differentiate
between XGC and GBC using preoperative clinical characteristics, imaging

features, and laboratory tests. We compared the performance of these
models and validated them on an independent, external, multi-center
testing cohort to assess generalizability. We then evaluated the optimal
model against results from a reader study involving six radiologists with
varying levels of experience. Finally, we explored the application of themost
effective model in real-world clinical settings, including outpatient, inpa-
tient, and physical examination settings. Figure 1 illustrates the framework
of the proposed ML-based model.

Results
Baseline characteristics
The baseline characteristics of patients in the four cohorts are summarized
inTable 1. Between January 2023 andFebruary 2024, a total of 1246patients
were included in the analysis, comprising 554 patients diagnosed with XGC
and 692 with GBC (Fig. 2). The median age across the overall dataset was
63.0 years, with 574 males (46.1%) and 672 females (53.9%). The training
cohort consisted of 674 patients (326 with XGC and 348 with GBC), while
the internal validation cohort included 169 patients (82 with XGC and 87
with GBC). The external testing cohort contained 279 patients, distributed
as 90 XGC and 189 GBC cases. Detailed definitions of clinical data,
laboratory tests, and imaging features are available in SupplementaryTables
1, 2. Further details on the distribution of XGC and GBC across all cohorts
can be found in Supplementary Table 3.

Construction of ML-based models
A total of 79 variables were collected, including clinical characteristics
(n = 9), imaging features (n = 19), and laboratory tests (n = 51). To identify
and retain only the most relevant indicators, univariate and multivariate
logistic regression analyses were performed on all variables (Supplementary
Table 4). The multivariate analysis identified 20 variables as independently
associated with either XGC or GBC. Specifically, the variables indepen-
dently associated with XGC included male, epigastric pain, hyperechoic
findings on US, presence of gallbladder stones, regular gallbladder mor-
phology, reduced gallbladder size, presence of intramural nodules,
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Fig. 1 | Overall design of the framework. (1) Data collection. Clinical, imaging, and
laboratory variables were collected for patients with XGC and GBC. (2) Variable
selection. Univariate and multivariate logistic regression analyses, followed by
LASSO regression, were conducted to select relevant variables, resulting in 12 robust
features. (3) Model construction. Six ML models (LR, RF, SVM, XGB, LGB, and
MLP) were constructed using the selected features. (4) Model performance. The six
models were evaluated using AUC, calibration curves, and DCA across training,
internal validation, and external testing cohorts. (5) Model interpretability. SHAP
was used to interpret and visualize the feature importance of the optimal model
(LIDGAX). (6) Reader study. LIDGAX’s diagnostic performance was compared to

radiologists, both unassisted and LIDGAX-assisted, in distinguishing XGC from
GBC. (7) Real-world study. An online platform for LIDGAX was developed to
facilitate its application in clinical practice, enabling translation to real-world set-
tings. XGC Xanthogranulomatous cholecystitis, GBC gallbladder cancer, LASSO
least absolute shrinkage and selection operator, LR logistic regression, RF random
forest, SVM support vector machine, XGB eXtreme gradient boosting, LGB light
gradient boosting, MLP multilayer perceptron, ROC receiver operating character-
istic, AUC area under the curve, DCA decision curve analysis, SHAP SHapley
Additive exPlanations, LIDGAX LightGBM Intelligent Differentiator for XGC
and GBC.
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Table 1 | The baseline characteristics of the training, internal validation, external testing, and real-world cohorts

Variables Overall (n = 1246) The training
cohort (n = 674)

The internal validation
cohort (n = 169)

The external testing
cohort (n = 279)

Real-world
cohort (n = 124)

Category

XGC 554 (44.5) 326 (48.4) 82 (48.5) 90 (32.3) 56 (45.2)

GBC 692 (55.5) 348 (51.6) 87 (51.5) 189 (67.7) 68 (54.8)

Clinical variables

Sex

Female 672 (53.9) 361 (53.6) 84 (49.7) 162 (58.1) 65 (52.4)

Male 574 (46.1) 313 (46.4) 85 (50.3) 117 (41.9) 59 (47.6)

Age (years)a 63.00 [55.00, 71.00] 62.00 [54.00, 70.00] 64.00 [57.00, 71.00] 65.00 [57.00, 73.00] 65.00 [58.00, 72.00]

Symptoms

Asymptomatic 312 (25.0) 159 (23.6) 50 (29.6) 57 (20.4) 46 (37.1)

Fever 36 (2.9) 13 (1.9) 4 (2.4) 11 (3.9) 8 (6.5)

Epigastric pain 720 (57.8) 401 (59.5) 84 (49.7) 187 (67.0) 48 (38.7)

Jaundice 71 (5.7) 46 (6.8) 8 (4.7) 10 (3.6) 7 (5.6)

Gastrointestinal symptoms 63 (5.1) 31 (4.6) 12 (7.1) 11 (3.9) 9 (7.3)

Weight loss 4 (0.3) 3 (0.4) 0 (0.0) 0 (0.0) 1 (0.8)

Others 40 (3.2) 21 (3.1) 11 (6.5) 3 (1.1) 5 (4.0)

Complications

None 1105 (88.7) 599 (88.9) 143 (84.6) 255 (91.4) 108 (87.1)

Abscess 31 (2.5) 15 (2.2) 8 (4.7) 5 (1.8) 3 (2.4)

Severe pancreatitis 38 (3.0) 21 (3.1) 7 (4.1) 8 (2.9) 2 (1.6)

Perforation 28 (2.2) 10 (1.5) 5 (3.0) 9 (3.2) 4 (3.2)

Colon obstruction 25 (2.0) 17 (2.5) 3 (1.8) 1 (0.4) 4 (3.2)

Two or more above 19 (1.5) 12 (1.8) 3 (1.8) 1 (0.4) 3 (2.4)

Smoking

Absent 1079 (86.6) 559 (82.9) 151 (89.3) 253 (90.7) 116 (93.5)

Present 167 (13.4) 115 (17.1) 18 (10.7) 26 (9.3) 8 (6.5)

Diabetes

Absent 1087 (87.2) 579 (85.9) 146 (86.4) 249 (89.2) 113 (91.1)

Present 159 (12.8) 95 (14.1) 23 (13.6) 30 (10.8) 11 (8.9)

Gallbladder adenomyomatosis

Absent 1191 (95.6) 649 (96.3) 156 (92.3) 268 (96.1) 118 (95.2)

Present 55 (4.4) 25 (3.7) 13 (7.7) 11 (3.9) 6 (4.8)

Biliary tract infection

Absent 1144 (91.8) 648 (96.1) 160 (94.7) 224 (80.3) 112 (90.3)

Present 102 (8.2) 26 (3.9) 9 (5.3) 55 (19.7) 12 (9.7)

Other conditions (schistosomiasis, congenital biliary dilatation/cyst)

Absent 1197 (96.1) 647 (96.0) 161 (95.3) 269 (96.4) 120 (96.8)

Present 49 (3.9) 27 (4.0) 8 (4.7) 10 (3.6) 4 (3.2)

Imaging variables

Ultrasound echo

Hypoechoic 499 (40.0) 265 (39.3) 68 (40.2) 109 (39.1) 57 (46.0)

Mixed echogenicity 42 (3.4) 9 (1.3) 1 (0.6) 32 (11.5) 0 (0.0)

Isoechoic 476 (38.2) 271 (40.2) 67 (39.6) 96 (34.4) 42 (33.9)

Hyperechoic 229 (18.4) 129 (19.1) 33 (19.5) 42 (15.1) 25 (20.2)

Blood flow signal

None 609 (48.9) 348 (51.6) 89 (52.7) 110 (39.4) 62 (50.0)

Sparse 542 (43.5) 284 (42.1) 74 (43.8) 133 (47.7) 51 (41.1)

Abundant 95 (7.6) 42 (6.2) 6 (3.6) 36 (12.9) 11 (8.9)

Gallbladder stones

Absent 368 (29.5) 197 (29.2) 49 (29.0) 77 (27.6) 45 (36.3)

Present 878 (70.5) 477 (70.8) 120 (71.0) 202 (72.4) 79 (63.7)

Biliary duct dilation

Absent 827 (66.4) 438 (65.0) 121 (71.6) 181 (64.9) 87 (70.2)

Present 419 (33.6) 236 (35.0) 48 (28.4) 98 (35.1) 37 (29.8)

Gallbladder morphology

Irregular 314 (25.2) 150 (22.3) 56 (33.1) 74 (26.5) 34 (27.4)

Regular 932 (74.8) 524 (77.7) 113 (66.9) 205 (73.5) 90 (72.6)
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Table 1 (continued) | The baseline characteristics of the training, internal validation, external testing, and real-world cohorts

Variables Overall (n = 1246) The training
cohort (n = 674)

The internal validation
cohort (n = 169)

The external testing
cohort (n = 279)

Real-world
cohort (n = 124)

Gallbladder size

Normal 583 (46.8) 327 (48.5) 74 (43.8) 123 (44.1) 59 (47.6)

Enlarged 494 (39.6) 250 (37.1) 66 (39.1) 128 (45.9) 50 (40.3)

Reduced 169 (13.6) 97 (14.4) 29 (17.2) 28 (10.0) 15 (12.1)

Type of gallbladder wall thickening

Diffuse 605 (48.6) 356 (52.8) 90 (53.3) 108 (38.7) 51 (41.1)

Focal 537 (43.1) 299 (44.4) 67 (39.6) 104 (37.3) 67 (54.0)

None 104 (8.3) 19 (2.8) 12 (7.1) 67 (24.0) 6 (4.8)

Intramural nodules

Absent 991 (79.5) 518 (76.9) 141 (83.4) 244 (87.5) 88 (71.0)

Present 255 (20.5) 156 (23.1) 28 (16.6) 35 (12.5) 36 (29.0)

Intraluminal tumor

Absent 762 (61.2) 406 (60.2) 103 (60.9) 185 (66.3) 68 (54.8)

Present 484 (38.8) 268 (39.8) 66 (39.1) 94 (33.7) 56 (45.2)

Mucosal line

Discontinuous 801 (64.3) 428 (63.5) 100 (59.2) 185 (66.3) 88 (71.0)

Continuous 445 (35.7) 246 (36.5) 69 (40.8) 94 (33.7) 36 (29.0)

Gallbladder perforation

Absent 1200 (96.3) 654 (97.0) 162 (95.9) 266 (95.3) 118 (95.2)

Present 46 (3.7) 20 (3.0) 7 (4.1) 13 (4.7) 6 (4.8)

Abscess

Absent 1208 (97.0) 654 (97.0) 158 (93.5) 276 (98.9) 120 (96.8)

Present 38 (3.0) 20 (3.0) 11 (6.5) 3 (1.1) 4 (3.2)

Invasion of adjacent structures

Intrahepatic 316 (25.4) 194 (28.8) 43 (25.4) 48 (17.2) 31 (25.0)

Extrahepatic 33 (2.6) 23 (3.4) 3 (1.8) 3 (1.1) 4 (3.2)

Intra- and extrahepatic 77 (6.2) 45 (6.7) 10 (5.9) 12 (4.3) 10 (8.1)

None 820 (65.8) 412 (61.1) 113 (66.9) 216 (77.4) 79 (63.7)

Enlarged peri-tumoral lymph nodes

Absent 958 (76.9) 517 (76.7) 130 (76.9) 216 (77.4) 95 (76.6)

Present 288 (23.1) 157 (23.3) 39 (23.1) 63 (22.6) 29 (23.4)

Density (plain CT)

Isodense 366 (29.4) 198 (29.4) 44 (26.0) 92 (33.0) 32 (25.8)

Hyperdense 723 (58.0) 383 (56.8) 111 (65.7) 154 (55.2) 75 (60.5)

Hypodense 157 (12.6) 93 (13.8) 14 (8.3) 33 (11.8) 17 (13.7)

Tumor enhancement pattern (CE-CT)

Markedly enhanced 759 (60.9) 426 (63.2) 113 (66.9) 142 (50.9) 78 (62.9)

Mildly enhanced 452 (36.3) 242 (35.9) 55 (32.5) 109 (39.1) 46 (37.1)

No enhancement 35 (2.8) 6 (0.9) 1 (0.6) 28 (10.0) 0 (0.0)

T2WI signal

Isointense 189 (15.2) 110 (16.3) 12 (7.1) 57 (20.4) 10 (8.1)

Hyperintense 1013 (81.3) 543 (80.6) 147 (87.0) 213 (76.3) 110 (88.7)

Hypointense 44 (3.5) 21 (3.1) 10 (5.9) 9 (3.2) 4 (3.2)

DWI signal

Isointense 1008 (80.9) 562 (83.4) 147 (87.0) 196 (70.3) 103 (83.1)

Hyperintense 238 (19.1) 112 (16.6) 22 (13.0) 83 (29.7) 21 (16.9)

Hypointense 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0) 0 (0.0)

Tumor enhancement pattern (CE-MRI)

Markedly enhanced 985 (79.1) 560 (83.1) 145 (85.8) 174 (62.4) 106 (85.5)

Mildly enhanced 241 (19.3) 109 (16.2) 24 (14.2) 90 (32.3) 18 (14.5)

No enhancement 20 (1.6) 5 (0.7) 0 (0.0) 15 (5.4) 0 (0.0)

Laboratory variables

White Blood Cell (×109/L)a 6.30 [5.00, 8.10] 6.10 [5.00, 7.88] 6.40 [5.21, 8.42] 6.30 [4.80, 8.12] 6.83 [5.64, 9.77]

Neutrophil (×109/L)a 4.00 [3.00, 5.66] 3.90 [3.00, 5.40] 4.15 [3.16, 6.11] 4.10 [2.89, 5.88] 4.50 [3.46, 7.14]

Lymphocyte (×109/L)a 1.46 [1.10, 1.90] 1.53 [1.14, 1.91] 1.51 [1.14, 1.92] 1.30 [0.96, 1.73] 1.44 [1.09, 1.90]

Monocyte (×109/L)a 0.41 [0.31, 0.56] 0.40 [0.31, 0.54] 0.43 [0.33, 0.57] 0.40 [0.30, 0.60] 0.43 [0.35, 0.61]

Eosinophil (×109/L)a 0.09 [0.05, 0.17] 0.10 [0.06, 0.19] 0.09 [0.04, 0.17] 0.08 [0.03, 0.14] 0.08 [0.03, 0.15]
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Table 1 (continued) | The baseline characteristics of the training, internal validation, external testing, and real-world cohorts

Variables Overall (n = 1246) The training
cohort (n = 674)

The internal validation
cohort (n = 169)

The external testing
cohort (n = 279)

Real-world
cohort (n = 124)

Basophil (×109/L)a 0.02 [0.01, 0.04] 0.02 [0.02, 0.04] 0.03 [0.02, 0.04] 0.02 [0.01, 0.03] 0.02 [0.01, 0.03]

Red Blood Cell (×1012/L)a 4.29 [3.94, 4.70] 4.33 [4.00, 4.73] 4.27 [3.92, 4.77] 4.21 [3.90, 4.56] 4.31 [3.92, 4.66]

Hemoglobin (g/L)a 130.00 [118.00, 140.00] 130.00 [120.00, 141.00] 130.00 [119.00, 142.00] 127.00 [117.00, 138.00] 130.00 [115.00, 138.25]

PLT (×109/L)a 218.00 [177.00, 275.75] 221.00 [180.00, 284.50] 222.00 [189.00, 281.00] 200.00 [157.00, 242.50] 225.50 [182.50, 292.00]

INRa 0.99 [0.94, 1.05] 0.98 [0.94, 1.04] 1.01 [0.96, 1.07] 1.00 [0.95, 1.07] 0.99 [0.96, 1.04]

Fibrinogen (g/L)a 3.51 [2.85, 4.61] 3.49 [2.77, 4.63] 3.52 [2.97, 4.64] 3.49 [2.92, 4.50] 3.55 [2.95, 4.75]

Activated Partial Thromboplastin
Time (S)a

27.90 [25.70, 30.50] 27.20 [25.10, 29.60] 28.10 [26.40, 29.80] 29.60 [25.90, 33.95] 28.55 [27.10, 30.50]

Thrombin Time (S)a 17.50 [16.50, 18.40] 17.70 [16.90, 18.50] 17.00 [16.40, 17.70] 17.90 [16.05, 19.65] 16.65 [16.10, 17.40]

Prothrombin Time (S)a 11.60 [11.00, 12.40] 11.50 [10.90, 12.10] 11.70 [11.10, 12.50] 11.90 [11.10, 12.80] 11.60 [11.20, 12.10]

D-Dimera 580.00 [281.00, 1279.00] 566.00 [269.25, 1190.00] 677.00 [303.00, 1403.00] 580.00 [290.00, 1385.00] 606.00 [313.50, 1400.50]

Total Protein (g/L)a 70.45 [64.60, 74.80] 70.05 [64.82, 74.57] 71.80 [67.50, 74.80] 69.00 [62.30, 74.50] 72.60 [65.90, 76.53]

Albumin (g/L)a 41.70 [37.70, 45.00] 42.20 [38.10, 45.48] 43.20 [39.50, 45.80] 39.30 [35.30, 42.60] 42.60 [37.85, 46.92]

Globulin (g/L)a 28.00 [24.80, 31.37] 27.40 [24.30, 30.70] 28.00 [24.90, 31.30] 29.20 [26.40, 32.95] 28.65 [25.45, 31.52]

ALT (U/L)a 23.00 [14.00, 54.00] 21.00 [14.00, 46.00] 25.00 [14.00, 78.00] 24.30 [14.00, 68.85] 24.50 [14.75, 55.00]

AST (U/L)a 22.00 [17.00, 38.00] 21.00 [17.00, 33.00] 23.00 [18.00, 43.00] 22.60 [18.30, 53.55] 24.00 [17.75, 39.00]

ALP (U/L)a 99.00 [75.25, 145.00] 97.00 [74.00, 145.00] 102.00 [80.00, 144.00] 101.00 [76.00, 157.10] 95.00 [79.75, 126.25]

Cholinesterase (U/L)a 7399.50 [6018.00,
8830.50]

7327.50 [5987.00, 8617.00] 7547.00 [6385.00, 8837.00] 7425.00 [6286.50, 9240.50] 7442.00 [5748.75, 8895.00]

Total Bile Acid (µmol/L)a 6.00 [4.00, 10.39] 6.00 [4.00, 10.50] 5.60 [4.00, 8.90] 6.08 [3.40, 12.71] 5.60 [3.90, 8.67]

Total Bilirubin (µmol/L)a 12.60 [9.00, 20.90] 12.00 [8.60, 20.00] 12.10 [8.70, 18.30] 15.30 [10.90, 25.35] 12.65 [8.88, 17.92]

Direct Bilirubin (µmol/L)a 4.90 [3.50, 8.88] 4.50 [3.30, 8.30] 5.00 [3.50, 8.30] 5.50 [3.80, 10.00] 5.45 [3.68, 8.22]

Indirect Bilirubin (µmol/L)a 7.40 [5.00, 10.97] 7.00 [4.90, 10.38] 6.20 [4.60, 9.10] 9.20 [6.70, 14.05] 7.05 [4.70, 9.83]

Gamma-Glutamyl Transferase (U/L)a 44.00 [21.70, 148.75] 46.00 [22.00, 149.00] 43.00 [21.00, 130.00] 48.00 [21.25, 206.15] 37.50 [21.00, 104.25]

Glomerular Filtration Ratea 91.14 [80.26, 99.92] 92.01 [82.06, 100.74] 90.60 [80.70, 98.20] 89.59 [74.26, 99.00] 89.75 [80.14, 97.80]

Creatinine (µmol/L)a 67.00 [57.00, 79.00] 67.00 [57.00, 78.00] 67.00 [56.00, 80.00] 67.70 [58.90, 81.00] 67.50 [56.00, 81.25]

Urea (mmol/L)a 4.60 [3.70, 5.84] 4.67 [3.79, 5.74] 4.56 [3.82, 6.00] 4.45 [3.48, 5.97] 4.72 [3.75, 6.02]

Uric Acid (µmol/L)a 279.00 [220.00, 344.60] 281.00 [223.00, 349.00] 278.00 [209.00, 337.00] 274.50 [214.60, 339.00] 282.00 [212.00, 346.00]

Triglycerides (mmol/L)a 1.26 [0.92, 1.79] 1.31 [0.95, 1.91] 1.22 [0.98, 1.69] 1.21 [0.88, 1.69] 1.22 [0.86, 1.75]

Total Cholesterol (mmol/L)a 4.26 [3.61, 4.96] 4.17 [3.53, 4.87] 4.24 [3.66, 5.04] 4.47 [3.80, 5.20] 4.21 [3.57, 4.82]

High-Density Lipoprotein (mmol/L)a 1.11 [0.85, 1.43] 1.03 [0.80, 1.27] 1.10 [0.85, 1.38] 1.59 [1.00, 2.93] 1.06 [0.86, 1.38]

Low-Density Lipoprotein (mmol/L)a 2.41 [1.86, 3.18] 2.31 [1.81, 2.86] 2.28 [1.78, 2.89] 3.62 [2.37, 6.48] 2.24 [1.71, 2.76]

Fasting Blood Glucose (mmol/L)a 5.31 [4.75, 6.21] 5.17 [4.64, 5.98] 5.48 [4.97, 6.37] 5.38 [4.78, 6.85] 5.54 [5.05, 6.39]

AFP (ng/mL)a 2.60 [1.90, 3.56] 2.70 [1.90, 3.60] 2.70 [2.10, 3.60] 2.45 [1.85, 3.34] 2.75 [1.87, 3.73]

CEA (ng/mL)a 2.50 [1.60, 3.93] 2.40 [1.60, 3.80] 2.50 [1.70, 4.50] 2.70 [1.73, 3.94] 2.35 [1.78, 3.60]

CA125 (ng/mL)a 16.90 [10.80, 30.30] 17.05 [10.93, 30.48] 18.10 [11.60, 38.10] 16.00 [10.10, 25.95] 16.95 [11.57, 30.55]

CA199 (ng/mL)a 22.04 [6.50, 160.17] 22.30 [6.30, 152.40] 14.90 [6.80, 114.80] 24.76 [5.92, 209.66] 31.85 [7.25, 188.00]

Ferroprotein (ng/mL)a 263.30 [134.25, 478.50] 252.70 [121.45, 461.75] 302.00 [150.70, 522.70] 257.70 [140.50, 472.15] 297.55 [143.17, 570.60]

NLRa 2.71 [1.82, 4.42] 2.55 [1.74, 3.89] 2.78 [1.90, 4.00] 3.00 [1.92, 5.83] 3.17 [2.04, 6.33]

dNLRa 1.90 [1.38, 2.89] 1.82 [1.35, 2.65] 2.02 [1.43, 2.81] 2.00 [1.41, 3.53] 2.07 [1.46, 3.57]

PLRa 149.73 [113.34, 205.62] 149.11 [112.37, 200.65] 150.94 [119.88, 211.43] 148.67 [108.82, 205.53] 154.01 [117.47, 234.58]

LMRa 3.65 [2.38, 5.03] 3.93 [2.59, 5.39] 3.64 [2.58, 4.88] 3.02 [2.00, 4.63] 3.51 [1.95, 4.80]

AFRa 11.72 [8.60, 15.41] 12.04 [8.70, 15.99] 11.66 [8.83, 15.13] 11.05 [8.24, 13.89] 12.42 [8.62, 15.29]

PFRa 61.71 [46.64, 79.31] 63.96 [50.00, 81.91] 61.68 [47.56, 78.81] 54.41 [42.15, 70.81] 64.90 [44.82, 83.56]

CA199-to-TB Ratioa 1.63 [0.47, 8.77] 1.68 [0.47, 7.97] 1.38 [0.52, 10.04] 1.60 [0.45, 8.78] 1.91 [0.49, 12.87]

SIIa 582.47 [374.47, 1102.63] 564.83 [361.93, 960.26] 669.20 [402.65, 1100.90] 532.63 [355.37, 1188.44] 721.63 [417.22, 1494.23]

PNIa 49.50 [44.30, 53.90] 50.17 [44.91, 54.30] 51.10 [46.60, 54.50] 46.40 [41.12, 50.70] 50.60 [44.45, 55.11]

CNSa 1.00 [0.00, 2.00] 1.00 [0.00, 2.00] 1.00 [0.00, 2.00] 1.00 [0.00, 2.00] 1.00 [0.00, 2.00]

Unless otherwise noted, values are numbers of lesions, with percentages in parentheses.
XGC Xanthogranulomatous cholecystitis, GBC gallbladder cancer, CECT contrast-enhanced computerized tomography, MRImagnetic resonance imaging, T2WI T2-weighted imaging, DWI diffusion-
weighted imaging, PLT platelet count, INR international normalized ratio, ALT alanine aminotransferase, AST aspartate aminotransferase, ALP alkaline phosphatase, AFP alpha-fetoprotein, CEA
carcinoembryonic antigen, CA125 cancer antigen 125, CA199 cancer antigen 19-9, NLR neutrophil-to-lymphocyte ratio, dNLR derived neutrophil-to-lymphocyte ratio, PLR platelet-to-lymphocyte ratio,
LMR lymphocyte-to-monocyte ratio, AFR albumin-to-fibrinogen ratio, PFR platelet-to-fibrinogen ratio, CA199-to-TB Ratio CA199 to total bilirubin ratio, SII systemic immune-inflammation index, PNI
prognostic nutritional index, CNS controlling nutritional status score.
a Data are median, with interquartile range [P25, P75] in parentheses.
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continuousmucosal line, elevatedfibrinogen level, andhigher total bilirubin
level. In contrast, independent indicators for GBC included fever, smoking,
other conditions (such as schistosomiasis or congenital biliarydilation/cyst),
biliary duct dilation, intraluminal tumors, invasion of adjacent structures,
enlarged peri-tumoral lymph nodes, hyperdense findings on CT, increased
indirect bilirubin, higher CEA levels, and a higher CA199-to-total bilirubin
(TB) ratio.

To further refine and determine the optimal number of features,
LASSO analysis was employed for an in-depth selection of the 20 inde-
pendent variables (Supplementary Fig. 1). This analysis ultimately selected
12 key variables for the construction of ML models, which included sex,
other conditions, ultrasound echo, gallbladder stones, biliary duct dilation,
gallbladder morphology, intramural nodules, intraluminal tumor, mucosal
line, enlarged peri-tumoral lymph nodes, fibrinogen level, and indirect
bilirubin level. Multicollinearity analysis confirmed that all 12 variables had
VIF values below 1.50, indicating no significant collinearity issues among
them (Supplementary Table 5).

Diagnostic performance of ML-based models
Using the 12 selected variables, we constructed six ML-based models,
including LR, RF, SVM, XGB, LGB, and MLP. In the training, internal
validation, and external testing cohorts, the AUCs ranged from 0.98 to 1.00
(95%CI: 0.97–1.00), from0.92 to 0.94 (95%CI: 0.90–0.98), and from0.86 to
0.88 (95% CI: 0.81–0.92), respectively (Fig. 3a–c). Notably, the LGB model
consistently achieved the highest AUC values in both the internal validation
and external testing cohorts, outperforming the other ML-based models.
We also compared the differences in AUCs among the six models in the
training and internal validation cohorts (Supplementary Table 6), as well as
in different external testing cohorts (Supplementary Fig. 2). Additionally,
Fig. 3 and Table 2 summarize the diagnostic metrics for each model across
the cohorts, including AUC, accuracy, sensitivity, specificity, PPV, NPV,
and recall. LIDGAXachieved anAUCof 0.88 (95%CI: 0.84–0.93), accuracy
of 0.80 (95% CI: 0.74–0.84), sensitivity of 0.79 (95% CI: 0.73–0.85), and
specificity of 0.80 (95% CI: 0.70–0.88) in the external testing cohort. Sup-
plementary Fig. 3 presents the confusionmatrices of all models. Calibration
curves demonstrated that all models showed good alignment between
predicted and observed probabilities for differentiating XGC and GBC in
each cohort (Fig. 3d–f). TheDCA illustrated the net benefit of clinical utility
in the sixML-basedmodels across the threecohorts (Fig. 3g–i). These results
strongly suggested that the LGBmodel outperformed the other five models
in various performance parameters. Additionally, the performance of
LIDGAX was assessed using time-stratified five-fold cross-validation,

demonstrating robust predictive capabilities across all folds (AUC:
0.97–0.98 and 0.94–0.98 in the training and internal validation cohorts;
SupplementaryTable 7 andSupplementary Fig. 4). This temporal validation
strategy effectively simulates real-world clinical deployment scenarios
where model performance must remain stable despite temporal shifts in
patient characteristics.

Three thresholding strategies demonstrated distinct performance
trade-offs across cohorts (Supplementary Table 8). In the external testing
cohort, the Youden Index balanced sensitivity (0.79) and specificity (0.80).
Maximizing sensitivity achieved near-perfect GBC detection (0.97) but
caused significant specificity drops (0.46), increasing false positives. Con-
versely, maximizing specificity minimized overtreatment risks (0.96) but
sacrificed sensitivity (0.42), raising missed diagnosis concerns. Confusion
matrices further revealed classification accuracy of three strategies (Sup-
plementary Fig. 5).

Interpretability of LIDGAX model
To enhance the explainability of LIDGAX, the SHAP explainer was utilized
to interpret the diagnostic importance of features in the optimal LGBmodel
for distinguishing XGC from GBC. The SHAP beeswarm plot (Fig. 4a)
visualizes the 12 key variables, showing each variable’s contribution to
model predictions. Variables were ranked by importance using average
SHAP values and are displayed in descending order (Fig. 4b). SHAP values
greater than zero correspond to predictions for the positive class, indicating
a higher risk of GBC. For instance, features such as intraluminal tumors or
enlarged peri-tumoral lymph nodes were associated with positive SHAP
values,whichdrive predictions toward the “GBC” class.Additionally, Fig. 4c
illustrates a case alignedwith the “XGC” class, while Fig. 4d represents a case
alignedwith the “GBC” class according to LIDGAXpredictions, with actual
variable measurements displayed in each force plot.

Subgroup analyses
We compared the performance of four models built with clinical, imaging,
laboratory, and combined variables, respectively (Supplementary Fig. 6).
Ultimately, the clinical model was constructed using MLP, the imaging
model using MLP, the laboratory model using SVM, and the combined
model using LGB (Supplementary Fig. 7). In the external testing cohort, the
combined model outperformed the clinical model (0.68 vs. 0.88, adjusted
P < 0.0001), the imaging model (0.88 vs. 0.88, adjusted P = 0.699), and the
laboratory model (0.62 vs. 0.88, adjusted P < 0.0001). Furthermore, Sup-
plementary Table 9 provides an overview of the AUC, accuracy, sensitivity,
specificity, PPV, NPV, and recall of the four models across these cohorts.

Patients with XGC or GBC were

enrolled between January 2014 and

January 2023 from Center A
(n=1096)

Patients with XGC or GBC were

enrolled between January 2013 and

March 2024 from Center B and C
(n=276)

Patients with XGC or GBC were

enrolled between October 2021 and

March 2024 from Center D
(n=298)

Consecutive patients with XGC or GBC

were enrolled between February 2023

and February 2024 from Center A
(n=139)

The exclusion criteria:

  (1) Patients with more than 5% incomplete clinical data and laboratory tests (Center A: n=91; Centers B

and C: n=74; Center D: n=54); 

  (2) The lack of preoperative US, CECT, and CEMRI (Center A: n=145; Centers B and C: n=86; Center D:

n=70); 

  (3) Pathologically confirmed metastatic gallbladder malignancy (Center A: n=13; Centers B and C: n=5;

Center D: n=3); 

  (4) GBC complicated with XGC (Center A: n=4; Centers B and C: n=1; Center D: n=2).

The exclusion criteria:
( 1) Patients with incomplete clinical data 

and laboratory tests (n=3); 

(2) The lack of preoperative US, CECT,

and CEMRI (n=12).

843 patients were enrolled 

(XGC: n=408; GBC: n=435)

110 patients were enrolled 

(XGC: n=44; GBC: n=66)

169 patients were enrolled 

(XGC: n=46; GBC: n=123)

124 patients were enrolled 

(XGC: n=56; GBC: n=68)

The training cohort 

(n=674)

The external testing cohort 

(n=279)

The internal validation cohort 

(n=169)

Real-world cohort 

(n=124)

4:1

a b

Fig. 2 | Flowchart of the study population. a The training, internal validation, and external testing cohort; b The real-world cohort. XGC Xanthogranulomatous
cholecystitis, GBC gallbladder cancer, US ultrasound, CECT contrast-enhanced computerized tomography, CEMRI contrast-enhanced magnetic resonance imaging.
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Supplementary Figs. 8–10 present the confusionmatrices of sixMLmodels
based on clinical variables for differentiating XGC and GBC across all
cohorts. The calibration and DCA curves for these models demonstrated
that the combined model had a satisfactory alignment and net benefit of
clinical utility (Supplementary Figs. 11, 12). All results showed that models
utilizing combined variables outperformed those using single-variable
groups, with imaging variables making the most substantial contribution.
Furthermore, the subgroup analyses demonstrated robust performance of
LIDGAX, with AUCs consistently ranging from 0.85 to 0.91 across all
subgroups (P = 0.079–0.682; Supplementary Fig. 13 and Supplementary
Table 10), confirming its generalizability despite demographic, temporal,
and institutional variations.

Reader study
To evaluate the performance of LIDGAX compared to six radiologists
(including gallbladder specialists, general radiologists, and radiology
residents) in distinguishing XGC from GBC, we measured diagnostic
accuracy and time efficiency, both with and without LIDGAX assis-
tance (Fig. 5 and Supplementary Table 11). The study involved 169
patients (82 XGC and 87 GBC) from the internal validation
cohort. Results showed that all six radiologists performed less accu-
rately than LIDGAX alone in differentiating XGC from GBC (Fig. 5a,
d, e), particularly for radiology residents, with significant differences
observed in specificity (P = 0.009–0.010) and sensitivity (P = 0.041).
When unassisted, the radiologists demonstrated sensitivity rates

Specificity

S
en

si
tiv

ity

1.0 0.8 0.6 0.4 0.2 0.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

LR: 0.99  (95% CI: 0.98−0.99)
RF: 1.00  (95% CI: 1.00−1.00)
SVM: 0.98  (95% CI: 0.97−0.99)
XGB: 0.99  (95% CI: 0.98−1.00)
LGB: 0.98  (95% CI: 0.97−0.99)
MLP: 0.98  (95% CI: 0.97−0.99)

The internal validation cohort

Specificity

S
en

si
tiv

ity

1.0 0.8 0.6 0.4 0.2 0.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

LR: 0.93  (95% CI: 0.90−0.97)
RF: 0.94  (95% CI: 0.90−0.98)
SVM: 0.94  (95% CI: 0.91−0.98)
XGB: 0.94  (95% CI: 0.91−0.98)
LGB: 0.94  (95% CI: 0.91−0.98)
MLP: 0.92  (95% CI: 0.87−0.96)

The external testing cohort

Specificity

S
en

si
tiv

ity

1.0 0.8 0.6 0.4 0.2 0.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

LR: 0.86  (95% CI: 0.81−0.91)
RF: 0.87  (95% CI: 0.82−0.92)
SVM: 0.87  (95% CI: 0.82−0.92)
XGB: 0.87  (95% CI: 0.83−0.92)
LGB: 0.88  (95% CI: 0.84−0.93)
MLP: 0.87  (95% CI: 0.82−0.92)

The training cohort

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

S
ta

nd
ar

di
ze

d 
N

et
 B

en
ef

it

LR
RF
SVM
XGB
LGB
MLP
All
None

1:100 1:4 2:3 3:2 4:1 100:1

High Risk Threshold

Cost:Benefit Ratio

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

S
ta

nd
ar

di
ze

d 
N

et
 B

en
ef

it

LR
RF
SVM
XGB
LGB
MLP
All
None

1:100 1:4 2:3 3:2 4:1 100:1

High Risk Threshold

Cost:Benefit Ratio

0.0 0.2 0.4 0.6 0.8 1.0

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

S
ta

nd
ar

di
ze

d 
N

et
 B

en
ef

it

LR
RF
SVM
XGB
LGB
MLP
All
None

1:100 1:4 2:3 3:2 4:1 100:1

High Risk Threshold

Cost:Benefit Ratio

a b c

0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0
Predicted Probability

O
bs

er
ve

d 
P

ro
ba

bi
lit

y

LR
RF
SVM
XGB
LGB
MLP 0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0
Predicted Probability

O
bs

er
ve

d 
P

ro
ba

bi
lit

y

LR
RF
SVM
XGB
LGB
MLP

0.0

0.2

0.4

0.6

0.8

1.0

0.0 0.2 0.4 0.6 0.8 1.0
Predicted Probability

O
bs

er
ve

d 
P

ro
ba

bi
lit

y

LR
RF
SVM
XGB
LGB
MLP

d e f

g h i

Fig. 3 | Comparison of the diagnostic performance of six ML-based models for
differentiating XGC and GBC across the training, internal validation, and
external testing cohorts. a–c ROC curves of each model across the three cohorts;
d–f Calibration curves showing predicted vs. observed probabilities for each model;
g–i DCA curves indicating net benefit and clinical utility for each model across the
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between 74.4% and 85.4%, which improved to 82.8–89.0% when
assisted by LIDGAX (Fig. 5b, f). Similarly, specificity increased
from 78.2–86.2% to 82.8–87.4% (Fig. 5b, f). Balanced accuracy
rose from 76.3–85.2% unassisted to 82.8–87.6% with LIDGAX
assistance, though it remained slightly lower than LIDGAX’s per-
formance of 88.2% (Fig. 5c, f). This improvement was most pro-
nounced for radiology residents compared to gallbladder specialists

and general radiologists, although not statistically significant
(P = 0.121–0.606). Furthermore, the average time per assessment
decreased significantly from 68.23–89.36 s without LIDGAX to
37.79–53.60 s with its assistance (all P-values < 0.0001, Fig. 5f and
Supplementary Table 11), highlighting LIDGAX’s potential to
improve both diagnostic accuracy and efficiency in differentiating
XGC from GBC.
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Fig. 5 | Evaluation of LIDGAX versus six radiologists in differentiating XGC
and GBC. The evaluation was conducted using 169 patients (82 XGC and 87 GBC)
from the internal validation cohort. a LIDGAX versus six radiologists without the
assistance of LIDGAX. b LIDGAX versus six radiologists with the assistance of
LIDGAX. cBalanced accuracy improvement among radiologists with different levels
of expertise for differentiating XGC and GBC. d Specificity comparison between
LIDGAX and radiologists. e Sensitivity comparison between LIDGAX and radi-
ologists. fComprehensive comparison of specificity, sensitivity, and diagnostic time

efficiency for radiologists without versus with LIDGAX assistance. g A case of XGC
misdiagnosed by radiologists but correctly identified as XGC by LIDGAX. h A case
of GBC misdiagnosed by radiologists but correctly identified as GBC by LIDGAX.
XGC Xanthogranulomatous cholecystitis, GBC gallbladder cancer, LIDGAX
LightGBM Intelligent Differentiator for XGC and GBC, US ultrasound, CT com-
puterized tomography, MRI magnetic resonance imaging, T2WI T2-weighted
imaging.
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Real-world clinical evaluation
To better facilitate clinical translation in real-world settings, we devel-
oped an open-source online platform (Supplementary Fig. 14; Version
2.0; https://lidgaxmodel.streamlit.app) based on the LIDGAX model,
making it convenient for physicians to use. This retrospective real-world
cohort from Center A ultimately comprised 124 individuals, including 56
(45.0%) diagnosed with XGC and 68 (55.0%) with GBC (Fig. 6a). Sup-
plementary Table 12 provides baseline characteristics for XGC and GBC
patients in this cohort. LIDGAX achieved an AUC of 0.95 (95% CI:
0.91–0.99), an accuracy of 0.92 (95% CI: 0.86–0.96), a sensitivity of 0.94
(95% CI: 0.86–0.98), a specificity of 0.89 (95% CI: 0.78–0.96), a PPV of
0.91 (95% CI: 0.82–0.97), an NPV of 0.93 (95% CI: 0.82–0.98), and a
recall of 0.94 (95% CI: 0.86–0.98) (Fig. 6).

Discussion
In ourmulticenter real-world study, we present LIDGAX, an advancedML-
based model developed to differentiate between XGC and GBC using
clinical, imaging, and laboratory variables. Accurate differentiation between
these conditions remains a significant challenge for hepatobiliary surgeons
and radiologists, often leading to misdiagnoses and unnecessary healthcare
resource usage. By curating a large dataset of pathologically confirmedXGC
and GBC cases, we collected relevant clinical, imaging, and laboratory data
to construct the LIDGAXmodel, based on the LGB intelligent differentiator
for XGC and GBC, utilizing 12 selected variables. LIDGAX demonstrated
high sensitivity (0.86 and 0.79) and specificity (0.90 and 0.80) in distin-
guishing XGC from GBC in both the internal validation and independent

external testing cohorts. The subgroup analyses demonstrated its general-
izability despite demographic, temporal, and institutional variations. Its
diagnostic accuracy significantly outperformed that of radiologists, parti-
cularly enhancing precision and efficiency for residents. Additionally, real-
world validation via an online platform further underscored its clinical
utility potential.

Artificial intelligence has been utilized to analyze high-throughput
data, revealing intricate connections between features and leveraging
advanced computational techniques for categorization, prediction, and
evidence-based decision-making in novel ways22. To our knowledge, only
five previous studies have investigated ML- or deep learning (DL)-based
approaches for differentiating XGC from GBC. Fujita et al.23 developed a
CT-based DL model that attained high predictive accuracy, achieving an
AUCof 0.989 with a dataset of 49 patients. Zhou et al. 24 established anML-
based prediction model that achieved an AUC of 0.888 for the preoperative
differentiation of XGC and GBC. Zhang et al.25 developed a DL nomogram
integrating CECT scans, reaching an accuracy of 0.89, a precision of 0.92,
and an AUC of 0.92 across two affiliated hospitals, used as an external
validation cohort. Gupta et al.26 employed three DL models to differentiate
XGC fromGBC on US, demonstrating superior accuracy over radiologists.
However, these studies were limited by single-center designs and small
sample sizes, with findings unvalidated in independent external cohorts.
Another study27 constructed a predictive nomogram based on 436 patients
from two centers, incorporating variables such as sex, Murphy’s sign,
absolute neutrophil count, glutamyl transpeptidase levels, CEA levels, and
imaging findings. Our study included the largest dataset to date—1246
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patients from four centers—to differentiate between XGC and GBC. To
assess generalizability, reliability, and effectiveness, we validated the LID-
GAX model on independent external testing cohorts, achieving AUCs of
0.84 and 0.92 in Centers B and C, and Center D, respectively.

To enhance the clinical applicability of our model, we selected com-
monly relevant factors for diagnosing gallbladder disease, incorporating
general clinical data, imaging features from US, CT, and MRI, and labora-
tory tests (including routine blood tests, biochemical tests, coagulation tests,
and tumor markers). Following multivariate logistic regression for variable
selection, 20 variableswere identified as independently associatedwithXGC
and GBC. Among these, factors such as sex, symptoms, gallbladder stones,
biliary duct dilation, gallbladder morphology, gallbladder size, intramural
nodules, intraluminal tumor, mucosal line, invasion of adjacent structures,
enlarged peri-tumoral lymph nodes, and CEA were consistent with prior
studies23–25,27,28. Notably, our analysis revealed that fever was significantly
associated with GBC. This associationmay bemechanistically explained by
tumor necrosis and systemic inflammatory response, which triggers ele-
vated pro-inflammatory cytokines (e.g., TNF-α, IL-1) and COX-2
expression29–31. Additionally, gallstones or GBC-related biliary obstruction
may predispose patients to bacterial infections, thereby further contributing
to fever32,33. In contrast, XGC—a chronic granulomatous inflammatory
condition characterized by lipid-laden macrophage infiltration—typically
lacks such pronounced systemic inflammatory responses34. CT hyperden-
sity was another feature associated with GBC, likely reflecting desmoplastic
stromal reactions with collagen deposition and fibroblast proliferation,
whereas XGC typically exhibits hypodense regions from lipid-laden mac-
rophages. Furthermore, we identifiednew key risk factors for differentiating
XGC and GBC—namely smoking, fibrinogen, total bilirubin, indirect
bilirubin, and the CA199-to-TB ratio—factors not previously reported in
this context. Prior research has shown that preoperative serum fibrinogen
and total bilirubin levels correlate with tumor progression and may inde-
pendently predict GBC35–38. However, their potential role in distinguishing
XGCfromGBChasnotbeenexploreduntil now.UsingLASSOtominimize
redundancy, we refined these 20 variables to 12 final input parameters for
the six ML-based models.

In our study, the inclusion of patients with complete US, CT, and
MRI data may introduce selection bias, as this criterion excluded those
typically managed with fewer imaging modalities in routine practice.
However, the 12 key variables comprising LIDGAX—particularly key
imaging features such as gallbladder stones, biliary duct dilation, gall-
bladder morphology, intramural nodules, intraluminal tumor, mucosal
line, and enlarged peri-tumoral lymph nodes—are not modality-specific.
These semantic features can be reliably identified across US, CT, or MRI.
Consequently, LIDGAX remains applicable even when MRI is unavail-
able, provided the essential features are assessable through existing
modalities. In clinical practice, US is often the first-line modality, fol-
lowed by CT or MRI if needed for further characterization. For features
requiringMRI confirmation (e.g., occult gallstones undetected by US/CT,
intramural nodules demonstrating isoechoic density on US and isodense
characteristics on CT), MRI is recommended as a supplementary mod-
ality to ensure input accuracy. When MRI is inaccessible, radiologists
should flag such cases for multidisciplinary review. This protocol bal-
ances diagnostic accuracy with resource constraints. The retrospective
requirement for multimodal imaging aimed to minimize feature omis-
sion during model development. While potentially introducing selection
bias, this strategy ensured comprehensive data collection. In the future,
prospective validations will specifically evaluate LIDGAX’s performance
in settings with restricted imaging protocols. Besides, our study excluded
seven GBC complicated with XGC cases, potentially introducing selec-
tion bias. Previous studies reported the incidence of XGC-GBC coex-
istence ranges from 3% to 12.5%39–41. For such cases, histopathological
examination remains the gold standard for definitive diagnosis. LIDGAX
was specifically designed not to replace histopathology but to improve
preoperative differentiation between pure XGC and GBC, guiding clin-
ical decision-making and surveillance planning. The exclusion of

coexisting cases from model validation ensures alignment with its
intended use scenario.

Six ML algorithms we used are widely used in medical diagnostics16.
Among these, the LGB model (AUC: 0.94 and 0.88) showed superior per-
formance compared to others (AUC: 0.92–0.94 and 0.86–0.87) in both
internal validation and external testing cohorts. Multicollinearity can con-
tribute to overfitting; thus, we evaluated it using VIF, with all values under
1.50, indicating no significant multicollinearity among these variables. All
sixML-basedmodels exhibited slight overfitting,with significant differences
in AUC between the training and internal validation cohorts
(P = 0.002–0.040). However, the LGB model had the smallest AUC dis-
crepancy and achieved the highest AUC in the independent external testing
cohort, highlighting its robustness and generalizability. Calibration and
DCA curves further showed that the LGBmodel offered the best alignment
and net clinical benefit. This led us to select it as the optimal model for
differentiating XGC from GBC, naming it LIDGAX. Furthermore, the
interpretability of LIDGAX is crucial for clinicians and radiologists in
decision-making processes. Therefore, we employed SHAP values to
enhance interpretability, revealing the underlying relationships between
features and outcomes42. The SHAP value analysis highlighted that intra-
luminal tumor and mucosal line contributed the most to distinguishing
XGC from GBC.

The choice of thresholding strategy should alignwith clinical priorities.
In high-risk populations, a sensitivity-prioritized threshold is optimal for
screening, minimizing missed GBC diagnoses and enabling timely resec-
tion. Though this increases false positives, confirmatory biopsies or short-
term imaging follow-up can mitigate overdiagnosis risks. Conversely, a
specificity-prioritized threshold is critical for surgical decision-making,
reducing unnecessary extended hepatectomies, neoadjuvant therapies, and
lymph node dissections for benign XGC. For example, misclassifying XGC
as GBC could expose patients to toxic chemotherapy or aggressive lym-
phadenectomy—procedures avoided by LIDGAX’s 0.96 specificity. How-
ever, its low sensitivity (0.42) necessitates cautious use, particularly in
younger patients prioritizing cancer detection. The Youden Index
(0.79 sensitivity, 0.80 specificity) balances accuracy and resource allocation,
mirroring real-world trade-offs. Future integration of cost-benefit analyses
could refine personalized threshold selection.

We also comparedLIDGAXwith six radiologists of varying experience
levels in differentiating XGC from GBC, finding that LIDGAX demon-
strated superior diagnostic accuracy. Two main factors contributed to this
advantage. First, LIDGAX was trained using a combination of clinical,
imaging, and laboratory variableswithin a supervised learning framework—
an approach that provided systematic, digitized data integration across
multiple sources, unlike the workflow radiologists typically experience.
Second, ML algorithms, such as LIDGAX, are inherently more effective in
feature selection and weighting than manual assessments43, enabling our
model to directly learn diagnostic patterns from detailed input data and
apply themefficiently.Moreover, LIDGAX’s support enhanced radiologists’
performance across several metrics: sensitivity improved by 1.2–8.5%,
specificity by 0.0–4.6%, and balanced accuracy by 1.8–6.6%. Additionally,
the average diagnostic time per patient was reduced by 30.44–35.76 s,
indicating that LIDGAX can substantially improve radiologists’ accuracy,
lower misdiagnosis rates, and optimize time efficiency, particularly in high-
demand clinical environments. ML still faces challenges in clinical
translation44. To support LIDGAX’s implementation, we developed an
open-source online platform designed for convenient clinical use. This
platform enables clinicians to input 12 key factors and instantly receive
diagnostic predictions. In a retrospective real-world cohort of 124 patients
from Center A, the platform achieved an impressive AUC of 0.95, with an
accuracy of 0.92, sensitivity of 0.94, and specificity of 0.89. These results
demonstrate that the platform is user-friendly for clinicians and radiologists
and achieves robust performance in distinguishing XGC fromGBC in real-
world clinical settings.

This study has several limitations. First, LIDGAXwas developed using
data from Chinese populations, so its generalizability to broader, global
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populations remains uncertain and requires further validation with addi-
tional datasets, despite our dataset being the largest available to date. Second,
although LIDGAX was built using the clinical, imaging, and laboratory
variables we were able to collect, there may be other relevant variables not
considered in this study that could potentially enhancemodel performance.
Future iterations could enhance performance by incorporating emerging
biomarkers and genomic data. Third, the retrospective design inherently
introduces selection bias, a limitation common to all observational studies.
To address this, we are planning prospective randomized controlled trials to
validate LIDGAX’s clinical efficacy. Lastly, given the rapid advancements in
DL for medical imaging, our future goal is to incorporate DL to extract
complex, high-dimensional features from multimodal imaging, enabling
more accurate and intelligent differentiation between XGC and GBC for
clinical applications.

In conclusion, we developed the LIDGAX model, utilizing the LGB
algorithm, to accurately differentiate XGC from GBC. The model demon-
strated robust diagnostic performance across independent external testing
cohorts, surpassing six expert radiologists in diagnostic accuracy. By
employing SHAP values, we improved the interpretability of LIDGAX for
clinical applications. Additionally, we constructed an open-source online
platform to validate the clinical translation potential of LIDGAX. Given its
high accuracy and reliability, LIDGAX holds promise as a valuable, non-
invasive tool for effectively distinguishing XGC from GBC in clinical
settings.

Methods
Patients
Thismulticenter, retrospective study includedpatients diagnosedwithXGC
or GBC between January 2023 and February 2024 from four Chinese hos-
pitals: The First AffiliatedHospital, ZhejiangUniversity School ofMedicine
(Center A); The Second Affiliated Hospital, Jiaxing University (Center B);
Beilun District People’s Hospital (Center C); and Huzhou Central Hospital
(Center D). Adult participants who underwent either simple or radical
cholecystectomy and were pathologically confirmed to have XGC or GBC
were included. The exclusion criteria were: (1) patients with more than 5%
incomplete clinical data and laboratory tests (Center A: n = 91; Centers B
andC: n = 74; CenterD: n = 54); (2) the lack of preoperativeUS, CECT, and
CEMRI (Center A: n = 145; Centers B and C: n = 86; Center D: n = 70); (3)
pathologically confirmed metastatic gallbladder malignancy (Center A:
n = 13; Centers B and C: n = 5; Center D: n = 3); (4) GBC complicated with
XGC (Center A: n = 4; Centers B and C: n = 1; Center D: n = 2). Details of
the study population are illustrated in Fig. 2a.

In total, 1246 patients were included in the differential diagnosis task,
comprising 554 XGC patients and 692 GBC patients. Patients from Center
A (n = 843) were split chronologically into a training cohort and an internal
validation cohort in a 4:1 ratio, while patients from Centers B, C, and D
(n = 279) were assigned to independent external testing cohorts.

Variable collection
Baseline variables included clinical data, laboratory tests, and imaging fea-
tures, selected based on consultations with gallbladder specialists and a
reviewof recent literature on risk factors relevant to XGCandGBC.Clinical
data were collected from medical records, including sex, age, symptoms,
complications, smoking status, diabetes, gallbladder adenomyomatosis,
biliary tract infection, as well as other conditions like schistosomiasis and
congenital biliary dilatation/cyst. Laboratory tests conducted within two
weeks prior to cholecystectomy, including routine blood tests, biochemical
analyses, coagulation profiles, and tumor markers, were systematically
extracted from electronic medical records. Further details on the clinical
data and laboratory tests are provided in Supplementary Table 1. Two
abdominal radiologists, each with over 10 years of experience, indepen-
dently reviewed each US, CECT, and CEMRI scan as a standard reference
and assessed all imaging features by consensus. In cases of disagreement, a
third radiologist with over 20 years of experience in gallbladder disease
performed the final evaluation. All scans conducted within two weeks were

used as references. Detailed definitions of imaging features are available in
Supplementary Table 2.

Model development
The development of ML-based models followed a two-step approach: (1)
selecting robust features related to the differentiation ofXGCandGBC from
collected clinical, imaging, and laboratory variables; and (2) constructing six
MLmodels using the selected features. For the first step, we implemented a
three-stage feature selection approach within the training cohort (n = 674)
to identify robust clinical, imaging, and laboratory variables. First, a pre-
liminary univariate binary logistic regression analysis was conducted to
identify variables with significant differences between XGC and GBC
patients. Next, multivariate logistic regression analysis was applied to
variables identified in the univariate analysis. Finally, the least absolute
shrinkage and selection operator (LASSO) regression method was used to
select the most predictive features with non-zero coefficients, with penalty
tuning through 10-fold cross-validation (Supplementary Fig. 1).

For the second step, we developed six ML classification algorithms
using the features selected by LASSO in the training cohort: logistic
regression (LR), random forest (RF), support vector machine (SVM),
eXtreme gradient boosting (XGB), light gradient boosting (LGB), and
multilayer perceptron (MLP). Each algorithm was fine-tuned through grid
search. After identifying optimal hyperparameters, each model was
retrained on the full training subset with a set random seed, finalizing the
weights and generating a locked model, which was then evaluated on the
internal validation cohort.

Model evaluation
To systematically evaluate model performance, we compared the perfor-
mance of sixmodels across training, internal validation, and external testing
cohorts. Evaluation metrics included the area under the curve (AUC),
sensitivity, specificity, accuracy, positive predictive value (PPV), negative
predictive value (NPV), recall, and confusionmatrix.Calibration curves and
decision curve analysis (DCA) were employed to assess model calibration
and clinical utility across all cohorts45,46. Based on the integrated perfor-
mance metrics, the LGB-based algorithm was identified as the optimal
model and named LIDGAX (LGB Intelligent Differentiator for GBC and
XGC). To confirm the robustness of the chronological split strategy, we
performed time-stratified five-fold cross-validation on dataset A (n = 843)
using LIDGAX. The model’s decision-making process was visualized using
SHapley Additive exPlanations (SHAP)47,48, which quantified feature
importance scores and elucidated the relationshipsbetweenXGC,GBC, and
selected features.

Our study implemented three thresholding strategies to address dis-
tinct clinical priorities: (1) Diagnostic balance: Optimized using the Youden
Index (sensitivity+ specificity− 1) to balance sensitivity and specificity; (2)
Screening priority: Maximized sensitivity (>95%) to minimize missed
diagnoses in gallbladder cancer (GBC) screening; (3) Treatment precision:
Maximized specificity (>95%) to reduce overtreatment risks caused by false
positives in therapeutic decision-making.

Subgroup analyses
To evaluate the effectiveness of the combined model, we constructed four
separate models using these factors: a clinical model, an imaging model, a
laboratory model, and a combined model. Each of these four models was
developedusing sixdifferentMLalgorithms.Toaddress potential variability
and ensure the robustness of the findings, we conducted subgroup analyses
in the external testing cohort, stratified by sex (female and male), age (<60
years and ≥60 years), time periods (2011–2015, 2016–2020, and
2021–2024), and centers (Centers B, C, and D).

Reader study
To assess the performance of radiologists in differentiatingXGC fromGBC,
six radiologists independently diagnosed cases in the internal validation
cohort (n = 169). Participants included two radiology residents (3–5 years of
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experience), twogeneral radiologists (5–10 years of experience in abdominal
imaging), and two gallbladder specialists (10–20 years of experience in
gallbladder imaging). Prior to the study, a gallbladder specialist with
extensive experience (over 3000 case reviews) conducted a training session
for each radiologist, covering key imaging features identified in 40 repre-
sentative cases from the training cohort.

This study included twomain steps. In the first step, we compared the
diagnostic performance of LIDGAX with that of the radiologists. Each
radiologist reviewed anonymized US, CECT, and MRI images in random
order using the local picture archiving and communication system, without
access to clinical or laboratory data. They were tasked with determining
whether each case representedXGCorGBC. In the second step, we assessed
LIDGAX’s potential to support radiologists in diagnosis. Each radiologist
received LIDGAX’s probability score for each case and then reanalyzed the
same cases from the first step with this additional input. A minimum
interval of one month separated the two steps to reduce recall bias.

Real-world study
For the real-world clinical evaluation, we deployed the LIDGAX model on
an open-source online computing platform, allowing clinicians and radi-
ologists to easily analyze cases through a user-friendly interface. This ret-
rospective study included consecutive patients diagnosedwithXGCorGBC
between February 2023 and February 2024 from Center A. Exclusion cri-
teria included: (1) patients with incomplete clinical and laboratory data
(n = 3), and (2) patients without preoperative US, CECT, and CEMRI scans
(n = 12). After applying these criteria, 124 patientswere included in the real-
world evaluation study (Fig. 2b).

Statistical analysis
All statistical analyses were conducted using R software (Version 4.2.2;
https://www.rproject.org). To address incomplete clinical and laboratory
data, multiple imputation was applied as part of data preprocessing49. Cate-
gorical variables were compared between groups using either the chi-square
test or Fisher’s exact test and are presented as numbers and frequencies. For
continuous variables, the Kolmogorov–Smirnov test assessed normality.
Variables following a normal distribution are expressed as mean ± standard
deviation (SD) and were compared using the t-test, while non-normally
distributed variables are reported as median (interquartile range, IQR) and
analyzed with the Mann–Whitney U test. Non-normally distributed con-
tinuous data were normalized before model development. Collinearity
among variables was evaluated through the variance inflation factor (VIF),
where a VIF > 5 indicated notable collinearity and a VIF > 10 suggested
significant collinearity50. Univariate and multivariate binary logistic regres-
sion analyses identified variables associated with XGC and GBC. Variables
found significant in univariate analysis were subsequently included in a
stepwise multivariate analysis, using the Akaike information criterion for
optimal variable selection51. The diagnostic performance of the ML-based
models was evaluated by metrics including sensitivity, specificity, accuracy,
PPV, NPV, recall, balanced accuracy, and confusion matrix. Model perfor-
mance comparisons of AUCs between the six algorithms were carried out
using theDeLong test.Confidence intervals (95%CIs)wereobtained through
1000 bootstrap resampling. To compare the sensitivity and specificity of
diagnostic performancebefore andafter LIDGAXassistance,McNemar’s test
was applied for paired categorical data analysis. Benjamini–Hochberg false
discovery rate (BH-FDR, q < 0.05) was used for multiple testing correction52.
Two-tailed P-values < 0.05 were considered statistically significant.

Data availability
The source data for all models, tables, and figures, along with supporting
materials, are available from the corresponding author upon reasonable
request.

Code availability
The code developed for this study is not publicly accessible to protect
proprietary knowledge. However, qualified academic researchers may

request access to the code—including preprocessing scripts, model archi-
tecture, and training protocols—for noncommercial research purposes.
Requests should be submitted to the corresponding author at tia-
nanjiang@zju.edu.cn and must include a detailed research proposal out-
lining the intended use. Access will be granted following approval by the
institutional reviewcommittee, which evaluates proposals within 4-6weeks.
A formal code use agreement, prohibiting redistribution or commercial
exploitation, will be required prior to release.
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