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Purpose: Hypertriglyceridemia-associated acute pancreatitis (HTG-AP) has become the second leading cause of acute pancreatitis
(AP) in China. Compared with other etiologies, patients with HTG-AP are more likely to develop severe acute pancreatitis (SAP). This
study aimed to develop and validate a prediction model for severe HTG-AP.

Patients and Methods: The derivation cohort consisted of 478 HTG-AP patients collected in a multicenter, prospective observa-
tional study (PERFORM study, 2020-2023, involving 36 tertiary hospitals in China). The external validation cohort included 145
prospectively enrolled HTG-AP patients from the General Hospital of Ningxia Medical University (from January 2024 to May 2025).
Clinical variables were collected within 24 hours of enrollment. After excluding variables with more than 20% missing data, least
absolute shrinkage and selection operator (LASSO) regression was used to select predictors. An XGBoost-based prediction model was
constructed. Model performance was evaluated using the area under the receiver operating characteristic curve (AUC), calibration
curves, and decision curve analysis (DCA), and compared with traditional scoring systems. SHapley Additive exPlanations (SHAP)
analysis was employed to assess model interpretability.

Results: A total of 113 patients (23.6%) in the derivation cohort and 23 patients (15.9%) in the validation cohort developed SAP,
respectively. LASSO regression identified seven predictors: serum calcium (Ca*"), heart rate (HR), C-reactive protein (CRP), D-dimer
(D-D), respiratory rate (RR), serum creatinine (SCr), and pleural effusion. The XGBoost model achieved an AUC of 0.873 in both the
derivation and external validation cohorts, thereby significantly outperforming APACHE 1II (0.708, 0.701), SOFA (0.699, 0.685), SIRS
(0.656, 0.649), and CTSI (0.661, 0.658) (all P < 0.05). The model showed good calibration (Hosmer-Lemeshow test P > 0.05) and
provided a superior net clinical benefit across a wide range of threshold probabilities in DCA. SHAP analysis revealed that Ca*" was
the most influential predictor, followed by HR and CRP. To enhance clinical usability, we developed an interactive web-based
calculator using the R Shiny framework.

Conclusion: This study developed and validated an XGBoost-based prediction model that uses seven easily obtained clinical variables for
early identification of severe HTG-AP. The model demonstrated favorable discrimination, good calibration, and meaningful clinical utility,
and outperformed traditional scoring systems. It offers a promising tool to improve risk stratification in HTG-AP.
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Introduction

Acute pancreatitis (AP) is a common gastrointestinal emergency worldwide with various etiologies. Over the past
decade, the incidence of hypertriglyceridemia-associated acute pancreatitis (HTG-AP) has risen significantly.! In
China, due to lifestyle changes and the rising prevalence of metabolic syndrome, HTG-AP has become the second
most frequent cause of AP after gallstone migration, accounting for up to 20-30% of cases.”

Beyond this, HTG-AP is characterized by a more severe clinical course.® HTG-AP patients face a significantly
higher risk of progressing to severe acute pancreatitis (SAP) and experiencing life-threatening complications compared to
AP of other etiologies.”® A recent systematic review of 56,617 AP patients worldwide revealed that HTG-AP was
associated with higher mortality rates (up to 20.0% vs. 15.2%) and greater severity than non-HTG-AP.'® This clinical
variability likely stems from its unique pathophysiology, which involves the cytotoxicity of free fatty acids,'' a more
intense systemic inflammatory response,'? and frequent underlying metabolic comorbidities.'*'* Consequently, HTG-AP
presents substantial challenges for clinical management, highlighting the importance of early identification of high-risk
patients and the implementation of targeted interventions to improve outcomes.

Early identification of SAP is essential in clinical management, as timely and aggressive interventions including fluid
resuscitation, lipid-lowering therapy, and intensive care may improve clinical outcomes.'> Traditional multifactorial
scoring systems, such as APACHE II, Ranson’s score, BISAP, and the CT severity index (CTSI), are widely used in
clinical practice for early severity prediction across the overall AP population.'® However, these systems were not
designed to differentiate between etiologies and did not incorporate HTG-specific predictors. Studies have shown that the
predictive accuracy of these general scores may underestimate or overestimate patients’ actual risks in the HTG-AP
population.'” Although recent investigations have explored single biomarkers or modified scores for predicting HTG-AP
severity, most were based on single-center, small-sample retrospective cohorts, and many predictive models did not
undergo independent external validation or adequately consider the accessibility of clinical indicators.'"®?* A dedicated,
well-validated prediction model integrating clinical parameters and etiology-specific factors, derived from prospective
multicenter data is still lacking. In light of this clinical need, the present study developed and validated an early
prediction model for severe HTG-AP based on a multicenter prospective cohort in China.

Methods
Study Design
This study was a prediction model investigation, designed and reported in strict accordance with the Transparent
Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) statement. The research
was conducted in two distinct phases. A prediction model for the early identification of severe HTG-AP was developed
using data from an existing multicenter, prospective observational cohort (the PERFORM study, Chinese Clinical Trial
Registry, ChiCTR2000039541).>* The derived model was subsequently externally validated using an independent,
single-center, prospectively collected cohort of HTG-AP patients (Chinese Clinical Trial Registry, ChiCTR2400079742).
The study protocol was approved by the Institutional Review Boards or Ethics Committees of all participating
centers. The master protocol for the multicenter study was approved by the Ethics Committee of Jinling Hospital,
Nanjing University (No. 2020NZKY-016-01), and the single-center cohort used for validation was separately approved
by the Ethics Committee of the General Hospital of Ningxia Medical University (No. KYLL-2023-0533). As this study
involved a post-hoc analysis of an existing multicenter cohort, for which written informed consent had already been
obtained from all patients at the time of original data collection, the ethics committees granted a waiver of the
requirement to obtain additional informed consent for this analysis. For the prospective single-center validation cohort,
written informed consent was obtained from each participant prior to enrollment.

Study Participants

The data for the derivation cohort were sourced from the PERFORM study. The PERFORM study is a long-running,
prospective, non-blind, observational cohort study designed to assess whether different triglyceride-lowering therapies
affect organ function, and to date it has yielded predominantly negative results.>* In this analysis, patients enrolled from
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November 30, 2020 to June 30, 2023 were included. The validation cohort consisted of an independent, prospectively
maintained cohort of HTG-AP patients at the General Hospital of Ningxia Medical University from January 1, 2024 to
May 31, 2025.

To ensure homogeneity, consistent patient selection criteria were applied to both cohorts. The diagnosis of AP was
based on the Revised Atlanta Classification criteria. The inclusion criteria were: (1) adult patients aged 18—70 years; (2)
hospital admission within 72 hours of pain onset; (3) a serum triglyceride level >11.3 mmol/L upon enrollment (or
>1000 mg/dL); and (4) the presence of at least one predefined “worrisome feature” described in detail by Gelrud et al on
UpToDate® For this analysis, participants were excluded if they met any of the following conditions: (1) AP attributable
to other etiologies. (2) Presence of uncorrectable acidosis (pH < 7.15) or hyperkalemia (= 6.5 mmol/L) at enrollment,
requiring urgent continuous renal replacement therapy (CRRT). (3) Contraindications to therapeutic plasma exchange. (4)
Failure to provide informed consent. (5) Pregnancy, lactation, or intention to conceive within one month following the
trial (applies to both female and male participants). (6) Direct affiliation with the trial’s sponsor or investigators, or being
an immediate family member thereof. (7) Any other condition that, in the investigator’s judgment, rendered the
participant unsuitable for the trial.

Data Collection

The following variables, recorded within 24 hours of enrollment, were collected from electronic medical records
including gender, age, body mass index (BMI), history of hyperlipidemia, family history of hyperlipidemia, smoking
history, alcohol abuse history, diabetes mellitus, body temperature (T), heart rate (HR), respiratory rate (RR), systolic
blood pressure (SBP), diastolic blood pressure (DBP), mean arterial pressure (MAP), amylase (AMY), lipase (LIP),
white blood cell count (WBC), neutrophil percentage (NEUT%), lymphocyte percentage (LYMPH%), neutrophil-to-
lymphocyte ratio (NLR), hematocrit (HCT), coefficient of variation of red blood cell distribution width (RDW-CV),
platelet count (PLT), prothrombin time (PT), activated partial thromboplastin time (APTT), thrombin time (TT),
fibrinogen (FIB), D-dimer (D-D), aspartate aminotransferase (AST), alanine aminotransferase (ALT), triglycerides
(TG), total cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-
C), apolipoprotein A1 (APOA1), apolipoprotein B (APOB), total bilirubin (TBIL), serum creatinine (SCr), lactate
dehydrogenase (LDH), creatine kinase (CK), creatine kinase-MB isoenzyme (CK-MB), C-reactive protein (CRP),
procalcitonin (PCT), pH, lactate (Lac), blood potassium (K"), blood sodium (Na"), calcium (Ca”"), blood glucose
(GLU), and presence or absence of fatty liver, pulmonary infection, pleural effusion, or ascites according to the initial
abdominal or chest CT scan. Additionally, established clinical severity scores were collected, including the Sequential
Organ Failure Assessment score (SOFA, 0-24 scores), Acute Physiology And Chronic Health Evaluation II score
(APACHE 11, 0-71 scores), Balthazar CT Severity Index (CTSI, 0-10 scores) and Systemic Inflammatory Response
Syndrome score (SIRS, 0-32 scores). If multiple measurements were taken within 24 hours of admission, the most
abnormal value was recorded.

Primary Outcome

The primary outcome of this prediction model was the development of SAP within 28 days of enrollment. Severe HTG-
AP was strictly defined according to the 2012 Revised Atlanta Classification criteria,”® which require the presence of
persistent organ failure (affecting the respiratory, cardiovascular, or renal systems for more than 48 hours). All outcome
assessments were independently adjudicated by two senior pancreatologists who were blinded to the predictor variables.
Any discrepancies were resolved by consensus with a third expert. Patients were divided into SAP and non-SAP groups
based on the occurrence of SAP.

Construction of SAP Prediction Model

Missing data were handled prior to model development to ensure data quality and model generalizability. Variables with
a missing rate greater than 20% were excluded due to the lack of a reliable basis for imputation.?”*® For predictor
variables with a missing rate of < 20%, multiple imputation under a Bayesian framework was performed to generate 10
complete datasets, thereby reducing the risk of variance underestimation associated with single imputation. To assess the
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robustness of the imputation strategy, a sensitivity analysis was performed using 20 imputations. The Least Absolute
Shrinkage and Selection Operator (LASSO) regression algorithm was applied to select clinical features and identify the
optimal combination for predicting SAP. Given the superior performance of the eXtreme Gradient Boosting (XGBoost)
29731 the XGBoost model was used in this

study. Variables identified through LASSO regression were subsequently incorporated into the XGBoost model to capture

algorithm in small-sample classification tasks as reported in previous studies,

potential nonlinear relationships and interactions. The model was externally validated in the independent validation
cohort.

Performance Evaluation of the Prediction Model

The predictive performance of the model was evaluated in terms of discrimination, calibration, and clinical utility.
Discrimination was assessed by plotting the receiver operating characteristic (ROC) curve and calculating the area under
the curve (AUC), accuracy (ACC), sensitivity (SEN), specificity (SPE), positive predictive value (PPV), and negative
predictive value (NPV). An AUC value closer to 1 indicates better discriminative ability. The nonparametric DeLong test
was used to compare the AUC of our model with that of traditional severity scoring systems. Calibration was evaluated
by constructing calibration curves and conducting the Hosmer-Lemeshow goodness-of-fit test. A P-value > 0.05 suggests
a good consistency between the predicted risk and the actual observed risk. Decision curve analysis (DCA) was applied
to assess the clinical net benefit and utility of the model. For external validation, the same evaluation metrics and
statistical methods described above were used to verify the external generalizability of the model.

Model Interpretability Analysis

To enhance model interpretability, we employed the SHapley Additive exPlanations (SHAP) framework to analyze the
prediction model built using the XGBoost algorithm. By visualizing global feature importance and the contribution of
each variable to individual patient predictions, the association between each predictive variable and the outcome of SAP
was clarified.

Statistical Analysis

Statistical analyses were performed using Stata 15.0 (StataCorp LLC, College Station, TX, USA) and R 4.2.1 software (R
Core Team, Vienna, Austria). Categorical data were presented as frequencies (percentages), and comparisons between
groups were conducted using the Pearson’s chi-square test. Normally distributed continuous data were expressed as mean
+ standard deviation (x 4 s), and the independent samples #-test was used for between-group comparisons. Non-
normally distributed continuous data were described as medians and interquartile range (IQR), and the Mann—Whitney
U-test was employed for group comparisons. All hypothesis tests were two-tailed, and a P-value < 0.05 was considered
statistically significant.

Results
Comparisons of Baseline Characteristics, Traditional Severity Scores, and Outcomes

Between the Derivation Cohort and Validation Cohort

A total of 623 HTG-AP patients were enrolled in this study, including 478 patients in the derivation cohort and 145
patients in the independent external validation cohort (Figure 1). Initially, 53 clinical variables were collected for model
development. Among these, six variables (ApoAl, ApoB, LDH, CK, CK-MB, LIP) were excluded due to a missing rate
exceeding 20%. The baseline clinical characteristics, traditional severity scores, and outcomes of the two cohorts are
summarized in Table 1. Although statistically significant differences were observed in some baseline indicators between
the two cohorts, several key clinical variables and outcomes showed no significant differences, including gender, age,
BMI, mortality rate, and proportion of SAP (all P > 0.05). Regarding traditional severity scoring systems, there was no
statistically significant difference between the two cohorts in most scoring systems (APACHE 11, SIRS, SOFA, all P >
0.05), except that the CTSI score was significantly higher in the validation cohort than in the derivation cohort (P < 0.05).
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HTG-AP patients in the PERFORM
registry during the study period
(n = 504)

Excluded:

+ Primary outcome
unavailable or data missing
(n = 26)

Enrolled (n = 478)

y !

SAP patients Non-SAP patients
(n=113) (n = 365)

| |
:

Development of the

AP patients admitted to the
General Hospital of Ningxia
Medical University from January
2024 to May 2025
(n = 825)

Excluded:
1. AP due to other etiologies
(n = 521)
2. Onset time exceeding 72 hours
(n=76)
3. Serum triglyceride levels did
not meet the criteria (n = 44)
4. Other inclusion/exclusion
criteria not met (n = 39)

Enrolled (n = 145)

severity prediction model

Figure | The flowchart of participants through this study.

External independent validation

Comparisons of Clinical Indicators, Traditional Severity Scores and Mortality Between
SAP and Non-SAP Patients Within Each Cohort

Baseline clinical characteristics, traditional severity scores, and outcome comparisons between SAP and non-SAP

patients are summarized in Table 2. In the derivation cohort, a total of 113 (23.6%) patients were diagnosed with

Table | Comparison of Baseline Clinical Characteristics and Outcomes of HTGAP in the Derivation Set and
Validation Set

Variables All Derivation Validation tIZIy? P
(n=623) Set (n=478) Set (n=145)
Gender, male, n (%) 457 (73.4) 349 (73.0) 108 (74.5) 0.123 0.726
Age, y, mean (SD) 38.54 (8.93) 38.46 (8.97) 38.79 (8.83) —0.382 0.702
BMI, mean (SD) 27.36 (3.85) 27.48 (3.88) 26.97 (3.74) 1.423 0.155
Smoke history, n (%) 194 31.1) 135 (28.2) 59 (40.7) 9.177 0.010%
Drink history, n (%) 187 (30.0) 125 (26.2) 62 (42.8) 15.634 <0.001*
HTG history, n (%) 216 (34.7) 170 (35.6) 46 (31.7) 0.725 0.395
HTG familiy history, n () 10 (1.6) 8 (1.7) 2(1.4) 3.660 0.301
Diabetes mellitus, n (%) 199 (31.9) 124 (25.9) 75 (51.7) 34.019 <0.001*
Fatty liver, n (%) 506(81.2) 381 (79.7) 125 (86.2) 3.081 0.079
Pulmonary infection, n (%) 246 (39.5) 206 (43.1) 40 (27.6) 11.200 0.001*
Pleural effusion, n (%) 138 (22.2) 118 (24.7) 20 (13.8) 7.655 0.006*
Ascites, n (%) 214 (34.3) 168 (35.1) 46 (31.7) 0.578 0.447
T, °C,mean (SD) 36.75 (0.56) 36.75 (0.56) 36.77 (0.57) —0.353 0.724
HR, bpm, mean (SD) 105.30 (21.26) 103.36 (21.20) 111.68 (20.24) —4.183 <0.001*
RR, bpm,mean (SD) 21.18 (4.51) 21.41 (4.65) 20.43 (3.94) 2.496 0.013*
SBP, mmHg, mean (SD) 133.02 (21.69) 132.49 (22.27) 134.77 (19.66) =111 0.267
DBP, mmHg, mean (SD) 83.06 (17.68) 81.80 (18.25) 87.25 (14.96) -3.278 0.001*
MAP, mmHg, mean (SD) 98.18 (23.43) 96.70 (25.17) 103.09 (15.51) —2.586 0.010%*
AMY, U/L, mean (SD) 448.74 (596.56) 487.19 (653.77) 321.97 (316.72) 4.149 <0.001*
(Continued)
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Table | (Continued).

Variables All Derivation Validation tZIy? P
(n=623) Set (n=478) Set (n=145)
WBC, x10%/L, mean (SD) 14.04 (4.73) 14.07 (4.77) 13.94 (4.63) 0.281 0.779
NEUT%, mean (SD) 82.04 (8.19) 82.24 (8.24) 81.40 (8.02) 1.073 0.284
LYMPH%, mean (SD) 11.34 (6.54) 11.04 (6.41) 12.34 (6.88) —2.015 0.036*
NLR, mean (SD) 11.23 (19.37) 11.73 (21.72) 9.57 (7.43) 1.176 0.240
HCT, %, mean (SD) 43.74 (5.99) 43.25 (5.95) 45.35 (5.86) -3.731 <0.001*
RDW-CV, %, mean (SD) 13.17 (1.25) 13.31 (1.23) 12.72 (1.24) 5.069 <0.001*
PLT, x10°/L, mean (SD) 236.76 (74.29) 232.33 (75.90) 251.35 (66.92) —2.902 0.004*
PT, s, mean (SD) 12.74 (7.79) 13.19 (8.81) 11.25 (1.49) 2.641 0.008*
APTT, s, mean (SD) 32.86 (17.77) 33.30 (20.13) 31.42 (4.43) 1.893 0.059
TT, s, mean (SD) 16.61 (6.02) 17.62 (6.48) 13.28 (1.65) 13.282 <0.001*
FIB, g/L, mean (SD) 4.51 (2.07) 4.60 (2.23) 4.23 (1.40) 2.352 0.019%
D-D, ug/mL, mean (SD) 1.97 (3.54) 1.99 (3.45) 1.93 (3.82) 0.177 0.860
AST, U/L, mean (SD) 63.16 (283.35) 55.64 (116.51) 87.95 (548.65) —0.704 0.482
ALT, U/L, mean (SD) 42.84 (56.72) 41.70 (49.31) 46.57 (76.31) —0.904 0.366
TC, mmol/L, mean (SD) 10.92 (5.03) 11.52 (5.21) 8.94 (3.76) 6.557 <0.001*
TG, mmol/L, mean (SD) 28.64 (20.21) 30.69 (20.78) 21.89 (16.56) 5.267 <0.001*
HDL-C, mmol/L, mean (SD) 1.07 (1.34) 1.14 (1.45) 0.85 (0.81) 3.049 0.002%*
LDL-C, mmol/L, mean (SD) 2.43 (1.86) 251 (1.82) 2.17 (1.99) 1.939 0.053
TBIL, mmol/L, mean (SD) 19.18 (13.73) 18.48 (14.77) 21.47 (9.23) -2.99 0.022%*
SCr, umol/L, mean (SD) 88.88 (80.79) 93.02 (87.82) 75.24 (49.01) 3.109 0.002*
CRP, mg/L, mean (SD) 114.15 (109.88) 102.81 (108.74) 151.53 (105.63) —4.747 <0.001*
PCT, ng/mL, mean (SD) 2.94 (10.01) 3.11 (10.24) 2.37 (9.24) 0.781 0.435
pH, mean (SD) 7.37 (0.10) 7.37 (0.10) 7.37 (0.09) -1.022 0.307
Lac, mmol/L, mean (SD) 247 (2.17) 2.49 (2.25) 2.39 (1.86) 0.485 0.628
Na*, mmol/L, mean (SD) 134.02 (5.55) 133.07 (5.53) 137.15 (4.36) —9.236 <0.001*
K*, mmol/L, mean (SD) 4.05 (0.64) 4.05 (0.65) 4.08 (0.64) -0.577 0.564
Ca®*, mmol/L, mean (SD) 2.08 (0.50) 2.07 (0.54) 2.09 (0.33) -0.312 0.755
Glu, mmol/L, mean (SD) 13.49 (7.04) 13.39 (6.90) 13.79 (7.49) —0.591 0.555
APACHEII, median (IQR) 6.00 (3.00, 8.00) 6.00 (3.00, 9.00) 6.00 (4.00, 8.00) 0.213 0.832
CTSI, median (IQR) 2.00 (2.00, 4.00) 2.00 (2.00, 4.00) 3.00 (2.00, 5.00) 4.005 <0.001*
SIRS, median (IQR) 6.00 (4.00, 8.00) 6.00 (4.00, 8.00) 6.00 (5.00, 8.00) 1.586 0.113
SOFA, median (IQR) 1.00 (0.00, 2.00) 1.00 (0.00, 2.00) 1.00 (1.00, 2.00) 0.182 0.856
Mortality, n (%) 13 (2.1) 10 (2.1) 320 0.000 0.986
SAP, n (%) 136 (21.8) 113 (23.6) 23 (15.9) 3.502 0.061

Note: *P<0.05.

Abbreviations: SD, standard deviation; IQR, interquartile range; BMI, body mass index; HTG, hypertriglyceridemia; T, body temperature; HR, heart
rate; RR, respiratory rate; SBP, systolic blood pressure; DBP, diastolic blood pressure; MAP, mean arterial pressure; AMY, amylase; WBC, white blood
cell count; NEUT%, neutrophil percentage; LYMPH%, lymphocyte percentage; NLR, neutrophil-to-lymphocyte ratio; HCT, hematocrit; RDW-CV,
coefficient of variation of red blood cell distribution width; PLT, platelet count; PT, prothrombin time; APTT, activated partial thromboplastin time; TT,
thrombin time; FIB, fibrinogen; D-D, D-dimer; AST, aspartate aminotransferase; ALT, alanine aminotransferase; TC, total cholesterol; TG, triglycerides;
HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; TBIL, total bilirubin; SCr, serum creatinine; CRP, C-reactive
protein; PCT, procalcitonin; Lac, lactate; Na®, blood sodium; K*, blood potassium; Ca2+, calcium; Glu, blood glucose; APACHE Il, Acute Physiology And
Chronic Health Evaluation Il score; CTSI, Balthazar CT Severity Index; SIRS, Systemic Inflammatory Response Syndrome score; SOFA, Sequential Organ
Failure Assessment score; SAP, severe acute pancreatitis.

SAP, and 10 (2.1%) cases were fatal. Notably, no deaths were observed in the non-SAP group, compared with a mortality
rate of 8.8% in the SAP group. Compared to non-SAP patients, SAP patients in the derivation cohort had significantly
higher proportions of smoking history, drinking history, history of HTG-AP, pulmonary infection, pleural effusion and
ascites and higher levels of T, HR, RR, AMY, NEUT%, APTT, FIB, D-D,TBIL, SCr, CRP, PCT, Lac, K*, GLU (all P <
0.05). Meanwhile, the levels of LYMPH%, LDL-C, PLT, pH, and Ca®" were significantly lower in SAP patients than in
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Table 2 Comparison of Baseline Clinical Characteristics and Outcomes of SAP and Non-SAP in Two Sets

Variables Derivation Set (n=478) Validation Set (n=145)
SAP Non-SAP tZiy> | P SAP Non-SAP Uz | P
(n=113) (n=365) (n=23) (n=122)
Gender, male, n(%) 83 (73.5) 266 (72.9) 0.014 0.904 16 (69.6) 92 (75.4) 0.348 | 0.555
Age, y, mean (SD) 39.60 (9.79) 38.11 (8.68) 1.548 0.122 38.09 (8.54) 38.92 (8.91) —0.413 | 0.680
BMI, mean (SD) 27.19 (3.93) 27.58 (3.86) -0.930 | 0.353 26.40 (4.47) 27.07 (3.60) -0.679 | 0.503
Smoke history, n (%) 45 (39.8) 90 (24.7) 9.792 0.002* | 9 (39.1) 50 (41.0) 0.028 | 0.868
Drink history, n (%) 39 (34.5) 86 (23.6) 5359 0.021% | 10 (43.5) 52 (42.6) 0.006 | 0.939
HTG history, n (%) 50 (44.2) 120 (32.9) 4.869 0.027% | 7 (30.4) 39 (32.0) 0.021 | 0.885
HTG familiy history, n () 3(27) 5 (1.4) 0.866 0.352 0 (0.0) 2 (1.6) 0382 | 0536
Diabetes mellitus, n (%) 28 (24.8) 96 (26.3) 0.104 0.747 14 (60.9) 61 (50.0) 0916 | 0339
Fatty liver, n (%) 91 (80.5) 290 (79.5) 0.062 0.803 18 (78.3) 107 (87.7) 1452 | 0228
Pulmonary infection, n (%) | 67 (59.3) 139 (38.1) 15828 | <0.001* | 13 (56.5) 27 (22.1) 11.457 | 0.001%*
Pleural effusion, n (%) 49 (43.4) 69 (18.9) 27.764 | <0.001* | 7 (30.4) 13 (10.7) 6.367 | 0.012%
Ascites, n (%) 66 (58.4) 102 (27.9) 35127 | <0.001* | 14 (60.9) 32 (26.2) 10.721 | 0.001%*
T, °C,mean (SD) 36.93 (0.75) 36.69 (0.47) 3.266 0.001* | 37.18 (0.88) 36.69 (0.45) 2632 | 0.015*
HR, bpm, mean (SD) 115.93 (23.48) 99.47 (18.85) 6.804 <0.001* | 129.43 (19.35) 108.34 (18.66) 4.946 <0.001*
RR, bpm,mean (SD) 24.18 (6.83) 20.55 (3.29) 5.454 <0.001* | 24.30 (8.35) 19.70 (1.55) 2.634 | 0.015*
SBP, mmHg, mean (SD) 132.40 (25.06) 132.52 (21.36) —0.049 0.961 131.00 (15.10) 135.48 (20.38) —1.003 | 0317
DBP, mmHg, mean (SD) 82.38 (20.13) 81.61 (17.66) 0.390 0.697 82.91 (13.75) 88.07 (15.09) -1.522 | 0.130
MAP, mmHg, mean (SD) 99.05 (20.68) 98.58 (17.94) 0.236 0.814 98.94 (12.79) 103.87 (15.90) —1.403 | 0.163
AMY, U/L, mean (SD) 628.92 (703.00) 44331 (632.36) | 2510 0.013% | 489.92 (505.86) | 290.31 (257.83) | 1.848 | 0.077
WBC, x10°/L, mean (SD) 13.78 (5.47) 14.16 (4.54) -0.662 | 0509 13.68 (6.08) 13.99 (4.34) -0.299 | 0.765
NEUT%, mean (SD) 84.24 (6.63) 82.62 (8.60) 2,976 0.003* | 83.35 (8.54) 81.04 (7.91) 1269 | 0.207
LYMPH%, mean (SD) 9.63 (5.38) 11.47 (6.65) -2.685 | 0.007* | 11.37 (7.50) 12.52 (6.78) -0.736 | 0.463
NLR, mean (SD) 13.26 (12.14) 11.26 (23.91) 0.857 0.392 11.69 (8.71) 9.17 (7.13) 1497 | 0.137
HCT, %, mean (SD) 4336 (7.22) 4322 (5.51) 0.197 0.844 45.30 (8.28) 45.35 (5.32) -0.028 | 0.978
RDW-CYV, %, mean (SD) 13.38 (I.11) 13.29 (1.26) 0.648 0517 13.26 (1.33) 12.62 (1.21) 2.301 0.023*
PLT, x10%/L, mean (SD) 215.11 (82.35) 237.67 (73.08) | —2.781 | 0.006* | 226.96 (76.92) 255.95 (64.19) | —1.924 | 0.056
PT, s, mean (SD) 13.26 (2.17) 13.17 (10.01) 0.089 0.929 1251 (2.90) 11.01 (0.88) 2454 | 0.022%
APTT, s, mean (SD) 37.63 (20.24) 31.96 (19.93) 2.633 0.009% | 32.53 (7.39) 3121 (3.62) 0.835 | 0412
TT, s, mean (SD) 16.93 (4.75) 17.83 (6.92) -1292 | 0.197 13.26 (2.29) 13.28 (1.52) -0.043 | 0.966
FIB, g/L, mean (SD) 5.69 (2.51) 426 (2.02) 5.540 <0.001* | 4.71 (1.58) 4.14 (1.36) 1.797 | 0.075
D-D, ug/mL, mean (SD) 3.59 (4.45) 1.49 (2.91) 4726 <0.001* | 5.05 (8.22) 1.34 (1.71) 2.155 | 0.042*
AST, U/L, mean (SD) 62.15 (68.01) 53.63 (127.87) 0.679 0.498 374.60 (1364.94) 33.90 (30.55) 1.197 0.244
ALT, U/L, mean (SD) 44.98 (58.75) 40.69 (46.04) 0.712 0.478 81.01 (169.40) 40.07 (38.01) 1.154 | 0261
TC, mmol/L, mean (SD) 12.83 (5.69) 11.12 (5.00) 3.072 0.002% | 892 (3.94) 8.95 (3.74) -0.040 | 0.968
TG, mmol/L, mean (SD) 33.32 (23.37) 29.88 (19.88) 1.413 0.159 25.21 (25.06) 21.26 (14.48) 0.734 0.470
HDL-C, mmol/L, mean (SD) | 1.21 (1.56) 111 (1.42) 0.628 0.531 0.89 (0.80) 0.84 (0.81) 0272 | 0.786
LDL-C, mmol/L, mean (SD) | 2.12 (2.00) 2.63 (1.74) 2615 | 0.009% | 2.25 (2.31) 2.15 (1.93) 0210 | 0.834
TBIL, mmol/L, mean (SD) 21.09 (13.77) 17.68 (14.99) 2.251 0.025* 24.33 (12.39) 20.93 (8.46) 1.263 0.218
SCr, pmol/L, mean (SD) 131.06 (141.49) 81.24 (57.96) 3.650 <0.001* | 113.60 (88.89) 68.00 (33.00) 2428 | 0.023*
CRP, mg/L, mean (SD) 163.44 (119.30) 84.04 (98.08) 6.434 <0.001* | 169.68 (110.43) 148.11 (104.82) | 0.898 | 0.371
PCT, ng/mL, mean (SD) 7.02 (14.85) 1.90 (7.95) 3516 0.001* | 10.00 (21.66) 0.93 (1.75) 2.005 | 0.057
PH, mean (SD) 7.33 (0.12) 7.38 (0.08) -4004 | <0.001* | 7.33 (0.12) 7.38 (0.08) -2216 | 0.036*
Lac, mmol/L, mean (SD) 3.30 (3.03) 2.24 (1.88) 3.524 0.001* | 325 (227) 2.23 (1.74) 2,041 | 0.051
Na®, mmol/L, mean (SD) 132.89 (6.81) 133.13 (5.08) —0.349 0.728 136.63 (5.96) 137.25 (4.01) —0.482 | 0.634
K*, mmol/L, mean (SD) 421 (0.85) 4.00 (0.56) 2491 0014% | 422 (0.86) 4.06 (0.59) 0.880 | 0.387
Ca**, mmol/L, mean (SD) 1.75 (0.57) 2.17 (0.49) -7.136 <0.001* | 1.79 (0.32) 2.14 (0.30) —5.156 | <0.001*
Glu, mmol/L, mean (SD) 1521 (7.66) 12.83 (6.56) 3.224 0.001* | 16.19 (10.14) 13.34 (6.83) 1295 | 0.207
APACHEII, median (IQR) 11.00 (7.00, 15.00) | 5.00 (2.00, 7.00) | —9.647 <0.001* | 8.00 (5.00, 13.00) | 5.00 (4.00, 7.00) | —3.655 | <0.001*
CTSI, median (IQR) 4.00 (2.00, 6.00) 2.00 (1.00, 3.00) | -8410 | <0.001* | 6.00 (3.00, 8.00) | 3.00 (2.00, 4.00) | —3.986 | <0.001*
SIRS, median (IQR) 8.00 (6.00, 12.00) 5.00 (3.00, 7.00) | —8.348 <0.001* | 8.00 (5.00, 13.00) | 6.00 (4.00, 7.00) | —2.837 | 0.005*
(Continued)
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Table 2 (Continued).

Variables Derivation Set (n=478) Validation Set (n=145)
SAP Non-SAP tIZiy? P SAP Non-SAP tZiy* | P
(n=113) (n=365) (n=23) (n=122)
SOFA, median (IQR) 3.00 (2.00, 5.00) 1.00 (0.00, 2.00) | —11.292 | <0.001* | 3.00 (2.00, 5.00) | 1.00 (0.00, 2.00) | —4.604 | <0.001*
Mortality, n (%) 10 (8.8) 0 (0.0) 32991 | <0.001* | 3 (13.0) 0 (0.0) 16.249 | <0.001*

Note: *P<0.05.

Abbreviations: SAP, severe acute pancreatitis; SD, standard deviation; IQR, interquartile range; BMI, body mass index; HTG, hypertriglyceridemia; T, body temperature;
HR, heart rate; RR, respiratory rate; SBP, systolic blood pressure; DBP, diastolic blood pressure; MAP, mean arterial pressure; AMY, amylase; WBC, white blood cell count;
NEUT%, neutrophil percentage; LYMPH%, lymphocyte percentage; NLR, neutrophil-to-lymphocyte ratio; HCT, hematocrit; RDW-CV, coefficient of variation of red blood
cell distribution width; PLT, platelet count; PT, prothrombin time; APTT, activated partial thromboplastin time; TT, thrombin time; FIB, fibrinogen; D-D, D-dimer; AST,
aspartate aminotransferase; ALT, alanine aminotransferase; TC, total cholesterol; TG, triglycerides; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density
lipoprotein cholesterol; TBIL, total bilirubin; SCr, serum creatinine; CRP, C-reactive protein; PCT, procalcitonin; Lac, lactate; Na®, blood sodium; K*, blood potassium;
Ca2+, calcium; Glu, blood glucose; APACHE I, Acute Physiology And Chronic Health Evaluation Il score; CTSI, Balthazar CT Severity Index; SIRS, Systemic Inflammatory
Response Syndrome score; SOFA, Sequential Organ Failure Assessment score.

non-SAP patients (all P < 0.05). Furthermore, SAP patients exhibited significantly higher scores in traditional disease
severity scoring systems (all P < 0.05).

Consistent with the derivation cohort, SAP patients in the validation cohort had significantly higher rates of
pulmonary infection, pleural effusion, and ascites, higher levels of T, HR, RR, D-D, SCr, and lower levels of pH and
Ca®"compared to non-SAP patients (all P < 0.05). Similarly, SAP patients scored significantly higher on traditional
disease severity scoring systems (all P < 0.05), and no fatalities occurred in the non-SAP group compared with 13.0% in
the SAP group. However, unlike in the derivation cohort, SAP patients in the validation cohort also exhibited
significantly elevated levels of RDW-CV and PT (both P < 0.05). There were no significant differences in TG levels
between the two groups in either cohort (P > 0.05).

LASSO Regression for Variable Selection

LASSO regression was applied to all candidate predictor variables to identify features associated with SAP (Figure 2A).
Among the 47 variables included, seven predictive variables were selected using tenfold cross-validation at the optimal
penalty parameter lambda (1) (Figure 2B), including Ca*", HR, CRP, D-D, RR, SCr and pleural effusion.
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Figure 2 Variable selection using the least absolute shrinkage and selection operator (LASSO) regression. (A) LASSO coefficient path plot showing how regression
coefficients shrink toward zero as the penalty parameter L increases; less important variables are eliminated while important predictors are retained. (B) Selection of the
optimal A by cross-validation. Binomial deviance is plotted against log(L); the vertical lines indicate A values used to choose a parsimonious model. Based on this, seven
predictors were selected for the final model.
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Model Development, External Validation and Evaluation

We constructed an XGBoost prediction model using the XGBoost package in R language, based on the variables
screened by LASSO regression. For a comprehensive assessment of the model’s predictive efficacy in practical scenarios,
the predictive performance of the constructed model was evaluated by comparing it with existing scoring systems
(SOFA, APACHE II, CTSI and SIRS, detailed in Tables 3 and 4). The AUC of our model was 0.873 in the derivation
cohort and the validation cohort (Tables 3 and 4), which was superior to that of traditional scoring systems including
SOFA (0.841, 0.793), APACHE 1I (0.799, 0.739), CTSI (0.749, 0.758), and SIRS (0.758, 0.685). The results also showed
that the XGBoost model had excellent performance across other evaluation metrics, particularly SEN and NPV in both
cohorts. Sensitivity analysis using 20 imputations yielded results consistent with the main analysis, supporting the
robustness of the imputation strategy.

The calibration curves for SAP prediction in the derivation and validation cohorts showed excellent agreement
between the model-predicted probabilities and the actual observations (Figure 3A and C). To assess the clinical utility of
the XGBoost model, decision curve analysis (DCA) was performed in both cohorts. The XGBoost model achieved
a higher net clinical benefit than traditional severity scoring systems across a clinically relevant range of threshold
probabilities (Figure 3B and D).

Model Interpretation

The SHAP feature importance plot visually displays the ranked importance of the predictive variables in the XGBoost
model. Figure 4A shows that Ca>* had the greatest influence on model prediction, followed by HR, CRP, D-D, and other
variables. The SHAP summary plot (Figure 4B) was employed to interpret the XGBoost model output. It visualizes the
contribution of each variable to the SAP risk prediction. The feature value of each variable for individual patients is
represented by a color gradient. The SHAP value quantifies the impact of each feature on the model’s output, with
positive values indicating a contribution to a higher risk of SAP and negative values indicating a contribution towards
a lower risk. Overall, elevated levels of HR, CRP, D-D, RR, and SCr, as well as the presence of pleural effusion, were

positively associated with an increased predicted risk of SAP, whereas higher values of Ca®" contributed negatively to the

Table 3 Prediction Performance of Each Metric in the Derivation Set

Prediction | AUC ACC SEN SPE PPV NPV

Model 0.873(0.836,0.91) 0.803(0.803,0.804) | 0.805(0.732,0.878) | 0.803(0.762,0.844) | 0.558(0.482,0.635) | 0.93(0.902,0.958)
SOFA 0.841(0.8,0.882) 0.82(0.819,0.821) 0.637(0.549,0.726) | 0.877(0.843,0.91) 0.615(0.527,0.704) | 0.886(0.854,0.919)
APACHEII 0.799(0.75,0.848) 0.826(0.826,0.827) | 0.549(0.457,0.64) 0.912(0.883,0.941) | 0.66(0.564,0.755) 0.867(0.833,0.901)
CTSI 0.749(0.698,0.8) 0.724(0.723,0.725) | 0.646(0.558,0.734) | 0.748(0.703,0.792) | 0.442(0.367,0.518) | 0.872(0.835,0.909)
SIRS 0.758(0.706,0.811) | 0.699(0.698,0.7) 0.69(0.605,0.776) 0.701(0.654,0.748) | 0.417(0.346,0.488) | 0.88(0.842,0.917)

Abbreviations: SOFA, Sequential Organ Failure Assessment score; APACHE I, Acute Physiology And Chronic Health Evaluation Il score; CTSI, Balthazar CT Severity
Index; SIRS, Systemic Inflammatory Response Syndrome score; AUC, area under the curve; ACC, accuracy; SEN, sensitivity; SPE. Specificity; PPV, positive predictive
value; NPV, negative predictive value.

Table 4 Prediction Performance of Each Metric in the Validation Set

Prediction | AUC ACC SEN SPE PPV NPV

Model 0.873(0.801,0.946) | 0.752(0.749,0.754) | 0.87(0.732,1) 0.73(0.651,0.808) | 0.377(0.247,0.508) | 0.967(0.931,1.004)
SOFA 0.793(0.688,0.898) | 0.662(0.659,0.665) | 0.783(0.614,0.951) | 0.639(0.554,0.725) | 0.29(0.177,0.403) 0.94(0.889,0.991)
APACHEII 0.739(0.628,0.851) | 0.862(0.86,0.864) | 0.391(0.192,0.591) | 0.951(0.912,0.989) | 0.6(0.352,0.848) 0.892(0.839,0.946)
CTSI 0.758(0.648,0.868) | 0.552(0.548,0.555) | 0.87(0.732,1) 0.492(0.403,0.581) | 0.244(0.151,0.337) | 0.952(0.9,1.005)
SIRS 0.685(0.547,0.823) | 0.862(0.86,0.864) | 0.435(0.232,0.637) | 0.943(0.901,0.984) | 0.588(0.354,0.822) | 0.898(0.846,0.951)

Abbreviations: SOFA, Sequential Organ Failure Assessment score; APACHE I, Acute Physiology And Chronic Health Evaluation Il score; CTSI, Balthazar CT Severity
Index; SIRS, Systemic Inflammatory Response Syndrome score; AUC, area under the curve; ACC, accuracy; SEN, sensitivity; SPE. Specificity; PPV, positive predictive

value; NPV, negative predictive value.
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Figure 3 Performance evaluation of the XGBoost prediction model in the derivation and validation cohorts. (A and C) Calibration curves for severe acute pancreatitis
(SAP) risk prediction. The diagonal dashed line represents perfect prediction, where predicted probabilities exactly match observed outcomes. The solid lines show the
calibration performance of the XGBoost model in the derivation cohort (A) and the validation cohort (C). Closer alignment with the diagonal indicates better calibration.
(B and D) Decision curve analysis (DCA) for the XGBoost model compared with traditional severity scoring systems. The y-axis represents net benefit, and the x-axis
shows the threshold probability for predicting SAP. The XGBoost model (red line) demonstrated superior net clinical benefit across a clinically relevant range of threshold
probabilities compared to the SOFA, APACHE Il, CTSI, and SIRS scores in both the derivation (B) and validation (D) cohorts. The red horizontal line represents the strategy
that no patients are treated, and the green diagonal line represents the strategy that all patients are treated.

risk prediction. To illustrate the model interpretability, we presented a typical SAP case predicted using the SHAP
waterfall plot (Figure 4C). This plot depicts the contribution of each clinical feature to the individual prediction outcome.

To facilitate clinical application of the prediction model, we developed an interactive web-based calculator using the
R Shiny framework. The tool requires input of the predictors identified in our final model. Upon entry of these values, the
calculator automatically generates the predicted probability of SAP. The web-based calculator is freely accessible at:
https://rubyly123.shinyapps.io/HTGSAP model/.

Discussion

In this study, we developed and validated an early prediction model for severe HTG-AP based on a multicenter
prospective cohort in China (the PERFORM study). The results showed that the XGBoost model consistently achieved
an AUC of 0.873 in both the derivation and external validation cohorts, significantly outperforming traditional scoring
systems (APACHE II, SOFA, SIRS and, CTSI). The model also showed good calibration and provided a superior net
clinical benefit across a clinically relevant range of threshold probabilities in decision curve analysis.
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Figure 4 SHapley Additive exPlanations (SHAP) analysis of the XGBoost model. (A) SHAP feature importance bar plot. Features are ranked on the y-axis in descending
order of importance, with the most influential variable at the top. The x-axis represents the mean absolute SHAP value, indicating the average impact of each feature on the
model output magnitude across all patients. (B) SHAP summary plot. Each point represents a single patient’s SHAP value for a given feature. The x-axis shows the SHAP
value (impact on model output), where positive values push the prediction toward SAP and negative values toward non-SAP. Feature values are color-coded from low (blue)
to high (yellow). (C) SHAP waterfall plot for a representative patient. The y-axis lists features in descending order of contribution to this individual’s prediction. The x-axis
shows SHAP values, with yellow bars indicating features that increase the predicted risk of SAP and red bars indicating features that decrease the risk. The length of each bar
reflects the magnitude of their contribution.

Although previous studies have explored single biomarkers or modified scores for predicting HTG-AP severity, these
investigations have largely been based on single-center, small-sample retrospective cohorts.”>* Furthermore, some
predictive models did not undergo independent external validation or did not adequately consider the accessibility of
clinical indicators. During our model design process, particular attention was paid to both generalizability and clinical
practicality. Variables with missing rates exceeding 20% were excluded, indicating that these indicators were not
routinely available in all medical centers. In contrast, the included variables were routinely measured after admission
in hospitals at various levels, thereby facilitating the model’s clinical implementation. In addition, the model was
developed based on multicenter data and externally validated using an independent single-center cohort to assess stability
across different populations. Many previous studies on predicting the severity of HTG-AP have used logistic regression
to build prediction models.?>*? In our study, we instead applied a machine learning algorithm (XGBoost) to better
capture complex nonlinear relationships. We further used SHAP analysis to quantify the contribution of each predictor at
both the global and individual-patient levels, thereby improving model interpretability. In addition, we developed a user-
friendly web-based calculator (R Shiny) to facilitate bedside clinical application. We also systematically compared our
model with conventional scoring systems (SOFA, APACHE II, CTSI, and SIRS) to assess its relative performance. The
model demonstrated superior AUC, SEN, and NPV, supporting its use as an early screening tool for severe HTG-AP in
the emergency setting to facilitate timely risk alert and intervention.

Given that the PERFORM study reported negative results,>* the potential confounding effect of treatment modalities
on patient outcomes was likely minimized. Notably, although statistically significant differences were observed in certain
baseline indicators between the multicenter derivation cohort and the single-center validation cohort, key clinical
outcomes (SAP incidence, mortality) showed no significant differences. The presence of such baseline discrepancies
also supports the stability and generalizability of our model across different centers and populations and suggests that the
model was not overfit to the derivation cohort.

In both cohorts of this study, admission TG levels were markedly elevated, yet no significant differences were
observed between the SAP and non-SAP groups (P > 0.05). This finding is consistent with previous research and clinical
practice.’? Although HTG-AP occurrence requires exceeding a certain TG threshold, once pancreatitis is triggered,
subsequent disease progression depends more on the intensity of the individual inflammatory response.> Similarly, no
significant differences were found for other markers of metabolic abnormalities, such as reduced HDL-C levels, elevated
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BMI, and coexistent fatty liver and diabetes mellitus. This suggests that a state of metabolic disturbance is a common
underlying feature in patients with HTG-AP, rather than a specific predictor of disease severity.

The seven predictive indicators included in our model have clear pathophysiological foundations and have been
recognized as independent predictors of HTG-AP severity in previous studies.?’ 2***° These predictors capture distinct
yet interconnected pathophysiological domains: systemic inflammation (CRP, HR, RR), coagulation activation and
microvascular dysfunction (D-D), organ injury (Ca®", SCr), and local complications (pleural effusion). Their combination
provides a multidimensional snapshot from the initial inflammatory insult to downstream organ dysfunction. Among
these, serum calcium (Ca”") emerged as the most important predictor in SHAP analysis. Beyond reflecting pancreatic
necrosis via calcium-soap formation,’” hypocalcemia directly participates in multiple organ dysfunction by impairing
myocardial contractility, neuromuscular excitability, and coagulation.*®**° CRP, HR, and RR collectively represent the
inflammatory burden and the body’s compensatory response.’”*' Their inclusion in our prediction model further
confirms the central role of inflammation in HTG-AP severity. D-dimer (D-D) is a degradation product of cross-linked
fibrin that reflects coagulation activation and hyperfibrinolysis. High concentrations of free fatty acids may damage
vascular endothelial cells, activate the extrinsic coagulation pathway, and promote microthrombus formation.****
Elevated serum creatinine (SCr) reflects renal impairment and often correlates with poor prognosis. Previous studies
have shown that the development of acute kidney injury frequently occurs in conjunction with respiratory or circulatory

failure in AP patients,“s’46

underscoring its role as a marker of significant escalation in disease severity. The development
of pleural effusion is largely attributable to heightened vascular permeability induced by pro-inflammatory factors. It can
also exacerbate respiratory dysfunction by restricting lung expansion and affecting gas exchange.*’*® These factors
capture the pathophysiological cascade from microvascular injury to overt organ dysfunction. Based on these pathophy-
siological insights, the SHAP analysis yields several clinically actionable implications for HTG-AP management. Serum
calcium (Ca®") emerged as the dominant predictor, supporting a simple and rapid admission-based risk stratification
approach. During subsequent management, persistent hypocalcemia or rising D-dimer may indicate treatment failure and
should prompt escalation of care. In addition, the waterfall plot helps clarify which specific features drive risk in
individual patients, thereby enabling more targeted interventions and facilitating shared decision-making.

This study has several limitations. First, some potentially important predictors were excluded due to missing rates
exceeding 20%. Although this approach improved model generalizability, it may have compromised some predictive
performance to some extent. Additionally, some potentially useful prognostic factors may not have been included in the
original prospective study protocol and therefore could not be evaluated in our model. Future studies incorporating
a broader range of predictors may further improve predictive accuracy. Second, while the multicenter design enhances the
representativeness of our model, the sample size may still be insufficient to draw definitive conclusions. Additionally,
internal validation was not performed due to the limited sample size, as splitting the data would have further reduced the
derivation set and potentially led to model instability. Thus, future large-scale studies should incorporate both internal
and external validation to confirm these results. Third, although single-center external validation was performed, both
validation and derivation cohorts were from China. Future validation in diverse ethnic and geographic populations is
warranted to confirm the generalizability of our model.

In conclusion, the XGBoost prediction model developed in this study effectively identifies patients at high risk for
severe HTG-AP and outperforms traditional scoring systems. The seven indicators included in the model are routinely
measured clinical parameters, which enhances the model’s generalizability and facilitates its clinical translation. With
further validation and implementation as a clinical prediction tool, this model may support early risk stratification and

guide timely intervention strategies.

Data Sharing Statement
The datasets generated and/or analyzed during the current study are not publicly available due to privacy and ethical
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