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Objective: To investigate the impact of stress-induced hyperglycemia (SHG) at admission on clinical outcomes in acute pancreatitis 
(AP) by collecting and analyzing relevant clinical data.
Methods: This study enrolled AP patients diagnosed at Shanxi Bethune Hospital from January 1, 2017, to December 31, 2022. 
Clinical data and 24-h laboratory indicators were retrospectively collected. We employed propensity score matching (PSM) to compare 
the impact of SHG on AP clinical outcomes before and after matching. A temporal split allocated patients into training/validation 
cohorts for developing and validating a clinical prediction model for infected pancreatic necrosis (IPN).
Results: This study included 1343 acute pancreatitis patients, with 348 having SHG at admission. Before PSM, SHG patients showed 
significantly longer hospital stays (13.8 vs 12.28 days, p<0.001), higher ICU admission rates (6% vs 2%, p<0.001), and increased 
infected pancreatic necrosis (IPN) (15% vs.6%). After using PSM to control for confounding factors, SHG patients maintained longer 
hospitalizations (13.61 vs 12.28 days, p=0.004), higher ICU admissions (6% vs 2%, p=0.005), and IPN rates (15% vs 6%, p<0.001). 
These results confirm SHG as an independent poor prognostic factor for AP rather than a reflection of baseline differences. In the 
training cohort, seven independent IPN predictors were identified: hyperlipidemia, SHG, modified CT severity index (MCTSI), 
systemic inflammatory response syndrome (SIRS), Prothrombin Time Activity (PT%), LDL-C, and peripancreatic effusion. The 
clinical prediction model demonstrated good performance in the validation cohort, with an area under the receiver operating 
characteristic curve (AUC) of 0.891.
Conclusion: PSM confirmed that SHG adversely impacts clinical outcomes in acute pancreatitis. The prediction model incorporating 
seven variables—hyperlipidemia, SHG, MCTSI, SIRS, PT%, LDL-C, and peripancreatic effusion—demonstrated favorable predictive 
performance and clinical utility for infected pancreatic necrosis (IPN) in acute pancreatitis patients. Meanwhile, we developed a web- 
based calculator to enhance its clinical utility.
Keywords: acute pancreatitis, stress-induced hyperglycemia, propensity score matching, clinical prediction model

Introduction
Acute pancreatitis (AP), one of the most common digestive emergencies requiring urgent hospitalization, has a global 
annual incidence of approximately 34 per 100,000. Approximately 20% progress to severe acute pancreatitis (SAP), 
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characterized by multiple organ dysfunction syndrome (MODS) with mortality up to 30%.1 In recent years, the incidence 
of AP has been increasing at an annual rate of 3.07%,2 highlighting significant health risks.

Infected pancreatic necrosis (IPN) is defined as secondary bacterial or fungal infection occurring in the context of 
pancreatic parenchymal or peripancreatic tissue necrosis, representing a severe local complication.3 Approximately 30% 
of acute necrotizing pancreatitis (ANP) patients progress to IPN,4,5 which leads to serious systemic complications such as 
sepsis and multiple organ failure, with mortality rates ranging between 20% and 30%.6 Early accurate IPN prediction is 
clinically critical, but current approaches (eg, modified CT severity index MCTSI, procalcitonin, C-reactive protein)7–10 

lack a comprehensive, standardized model integrating clinical, laboratory, and radiological data.
Stress-induced hyperglycemia (SHG), transient hyperglycemia in critical illness that resolves with recovery, is an 

emerging prognostic biomarker linked to systemic inflammation and insulin resistance,11 which can independently 
predict adverse clinical outcomes in hospitalized patients.12 In AP, SHG can worsen prognosis: transient SHG on 
admission and first-week persistent hyperglycemia independently deteriorate outcomes,13 and it is associated with 
persistent organ failure, necrotic collections, severe infections, and mortality.14 Previous studies have shown that the 
maximum blood glucose level can be used as a predictor of infection in critically ill patients with AP.15 This suggests an 
association between SHG and the development of IPN. Experimental and clinical evidence indicates that SHG induces 
a cascade of pathological reactions such as oxidative stress and inflammatory responses through intracellular glucose 
overload and acute glucotoxicity, which increases the risks of organ failure, infection, and mortality, thereby exacerbating 
the condition of AP patients.

Current evidence on SHG in AP primarily derives from retrospective studies, which are prone to confounding 
factors and suffer from insufficient evidence (eg, lack of adjustment analysis, failure to balance the effects of 
covariates). A more accurate and clinically accessible prediction model for IPN remains to be developed and 
optimized. Building on our prior work on AP-related persistent organ failure (POF) risk factors and predictive 
models,16,17 this study adopts propensity score matching (PSM) to balance baseline data, thereby reducing confound
ing bias and enhancing statistical power. Meanwhile, it innovatively incorporates SHG into a machine learning (ML) 
model for IPN prediction in AP to improve model prediction accuracy, using large cohort data from tertiary centers. 
We aim to confirm SHG as a poor prognostic factor for AP and develop an ML-based IPN prediction model to guide 
clinical decision-making.

Methods and Materials
Study Population and Ethical Approval
This retrospective study was conducted in compliance with the principles of the Declaration of Helsinki. The study protocol 
was approved by the Institutional Ethics Committee of Shanxi Bethune Hospital (Approval No. YXLL-2023-237), which 
granted a waiver of informed consent due to the retrospective design. Data were collected from AP patients admitted to 
Shanxi Bethune Hospital between January 1, 2017, and December 31, 2022. All data were anonymized to protect patient 
privacy.

Eligibility Criteria
All patients diagnosed with AP according to the Revised Atlanta Classification (RAC)18 were meticulously screened. 
Inclusion required meeting both criteria: (1) hospital admission within 48 hours of abdominal pain onset; (2) age 18–80 
years. Exclusion criteria: (1) Incomplete clinical data; (2) Recurrent AP hospitalization; (3) Pre-admission glucocorticoid 
use; (4) Chronic/traumatic/pregnancy-associated pancreatitis; (5) Malignancy; (6) Severe pre-existing cardiopulmonary/ 
renal/cerebral comorbidities.

Study Endpoints
The primary endpoint was the development of IPN during hospitalization. Secondary endpoints included length of 
hospital stay, ICU admissions, and in-hospital mortality.
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Treatment Protocol for Acute Pancreatitis
Patients with acute pancreatitis were managed according to current international guidelines. The cornerstone of initial 
management consisted of supportive care with intravenous fluids and analgesia. A moderately aggressive, goal-directed 
fluid resuscitation strategy was employed, and we preferentially used Lactated Ringer’s solution, with targets including 
a urine output of >0.5 mL/kg/hr and a decreasing blood urea nitrogen. Pain was managed with a multimodal approach, 
primarily using intravenous opioids such as hydromorphone or fentanyl. Nutritional support was initiated early; patients 
with mild pancreatitis were started on a low-fat oral diet as tolerated within 24–48 hours, while those with moderately 
severe or severe pancreatitis unable to tolerate oral intake received enteral nutrition via a nasogastric tube. Parenteral 
nutrition was avoided. Prophylactic antibiotics were not administered for sterile necrosis. Intervention for pancreatic 
necrosis was reserved for patients with confirmed/suspected infection or persistent symptoms (eg, gastric outlet obstruc
tion) and was delayed for at least four weeks whenever clinically feasible to allow for walled-off necrosis formation. The 
intervention followed a minimally invasive, step-up approach, beginning with endoscopic or percutaneous catheter 
drainage, followed by direct endoscopic or surgical necrosectomy only if drainage was insufficient.

Sample Size Estimation
Sample size estimation followed the events-per-variable (EPV) principle for logistic regression, mandating ≥10 outcome 
events per predictor.19,20 Given 89 IPN events in the training cohort (8.3% incidence) and 7 candidate predictors, the 
minimum sample size was calculated as:

Our training cohort (n=1074) exceeded this threshold, ensuring model stability.

Data Collection
Data collection followed a protocol similar to that of previous studies by our team,16 with special attention paid to 
variables and outcomes related to infectious diseases. Data encompass four domains: (1) Demographics: age, sex, body 
mass index (BMI), etiology of acute pancreatitis, smoking/alcohol history, hypertension (HTN), hyperlipidemia (HPL), 
fatty liver, and chronic comorbidities medical history; (2) Clinical outcomes: SIRS incidence, multiple organ failure 
rates, local complications, surgical interventions, feeding tube placement, hospital length of stay, ICU admissions, and 
mortality; (3) 24-hour post-admission laboratory profiles including hepatobiliary parameters (ALT, AST, ALB, TBIL, 
DBIL), metabolic markers (TG, HDL-C, LDL-C, Urea, SCr, Glu), pancreatic enzymes (AMY, LPS), electrolytes (K, Na, 
Cl, P, Mg, Ca), coagulation indices (PT, PT%, APTT, TT, FIB, D-Dimer), and hematologic measures (WBC, NEUT, 
LYMPH, MONO, RBC, HGB, HCT, MCV, MCH, MCHC, RDW, PCT, PLT, PDW, MPV); (4) Inflammatory/clinical 
scores comprising derived indices - PLR (platelet-to-lymphocyte ratio), NLR (neutrophil-to-lymphocyte ratio), OPNI 
(Onodera’s prognostic nutritional index) - and validated scores: MCTSI (modified CT severity index), BISAP (Bedside 
Index for Severity in Acute Pancreatitis), with calculation protocols specifying: PLR/NLR/OPNI from laboratory 
parameters ≤24h post-admission; BISAP from EMR-documented mental status/clinical parameters ≤24h; MCTSI via 
CT/CECT imaging ≤48h.

Core Terminology Definitions
Acute pancreatitis diagnosis adhered to the 2012 Revised Atlanta Classification,18 requiring ≥2 of the following criteria: 
(1) Persistent epigastric pain; (2) Biochemical evidence (serum amylase and/or lipase >3× upper limit of normal); (3) 
Characteristic imaging findings on cross-sectional abdominal studies.

Acute pancreatitis severity was classified per the Revised Atlanta Classification (RAC)18: (1) Mild acute pancreatitis 
(MAP): No organ dysfunction or local/systemic complications; (2) Moderately severe acute pancreatitis (MSAP): 
Transient organ dysfunction (≤48h) and/or local complications; (3) Severe acute pancreatitis (SAP): Persistent organ 
dysfunction (>48 h).
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Stress-induced hyperglycemia (SHG): Currently, no consensus exists on the diagnostic threshold for SHG in AP. 
Based on existing evidence, this study defined SHG as: Random blood glucose >10 mmol/L (180 mg/dL) within 24h of 
admission in non-diabetic patients, Random blood glucose >16.67 mmol/L (300 mg/dL) within 24h of admission in 
diabetic patients.13,14,21

Organ failure was defined per the modified Marshall scoring system as a score ≥2 in any single organ system.3

The Modified CT Severity Index (MCTSI) comprises three components: Calculated based on pancreatic inflamma
tion, necrosis, and extrapancreatic complications. All patients underwent abdominopelvic CT on Siemens SOMATOM 
Definition Flash or Siemens SOMATOM Definition AS 128-slice CT scanners within 48 hours of admission, with scans 
independently reviewed by two experienced radiologists.

Peripancreatic effusion: Fluid accumulation around the pancreas confirmed by abdominal CT within 48 hours of 
admission.

Infected pancreatic necrosis (IPN) was diagnosed by the presence of gas bubbles within pancreatic or peripancreatic 
effusion on contrast-enhanced CT.3

The Bedside Index for Severity in Acute Pancreatitis (BISAP) incorporates five clinical parameters: (1) Blood urea 
nitrogen (BUN) >25 mg/dL; (2) Impaired mental status (Glasgow Coma Scale <15); (3) Systemic inflammatory response 
syndrome (SIRS); (4) Age >60 years; (5) Pleural effusion on imaging. Each parameter present assigns 1 point, yielding 
a total score range of 0–5.

Systemic inflammatory response syndrome (SIRS) is defined by the presence of ≥2 criteria: (1) Heart rate >90 beats/ 
min; (2) Temperature <36°C or >38°C; (3) White blood cell count <4×109/L or >12×109/L; (4) Respiratory rate >20 
breaths/min or PaCO2 < 32 mmHg.

The Onodera Prognostic Nutritional Index (OPNI) is defined as: OPNI = Serum albumin level (g/L) + 5 × peripheral 
lymphocyte count (109/L).

Data Processing and Statistical Analysis
Statistical analyses were performed using R software (version 4.4.2). Variables with >25% missing data were excluded. For 
variables with ≤25% missingness, multiple imputation was implemented via the mice package. Continuous variables meeting 
assumptions of normality (Shapiro–Wilk test), independence, and homogeneity of variance (Levene’s test) are expressed as mean 
± standard deviation and compared using independent samples t-tests. Non-normally distributed continuous variables are 
presented as median (interquartile range; IQR) and analyzed with Mann–Whitney U-tests. Categorical variables are reported 
as frequencies (percentages), with between-group comparisons performed using χ2 or Fisher’s exact tests. A two-tailed P-value 
<0.05 defined statistical significance.

We implemented propensity score matching (PSM) using the R package MatchIt. Patients were stratified based on the 
presence of SHG at admission. Matching covariates included gender, age, BMI, smoking status, alcohol use, hyperten
sion, hyperlipidemia, fatty liver, chronic comorbidities medical history, and etiology of acute pancreatitis. A 1:2 optimal 
nearest neighbor matching algorithm was applied, though matching ratios varied due to cohort size constraints. To ensure 
match quality, a caliper width of 0.02 standard deviations was enforced. Correlation heatmaps visualizing variable 
relationships were generated using ggplot2 and corrplot packages.

Patients were stratified by IPN occurrence. Variable selection employed least absolute shrinkage and selection operator 
(LASSO) regression. Predictors with non-zero coefficients in LASSO underwent multivariable logistic regression (retention 
threshold: P<0.05) to identify independent risk factors. Receiver operating characteristic (ROC) curves quantified model 
discrimination in training/validation cohorts, reporting area under the curve (AUC) with 95% confidence intervals. 
Calibration curves and decision curve analysis (DCA) assessed clinical utility. We implemented internal validation in the 
training cohort through 10-fold cross-validation and 1000-iteration bootstrap resampling, then constructed a clinically deployable 
nomogram to visualize the prediction model for point-of-care application.
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Results
From an initial cohort of 1586 acute pancreatitis patients, 243 cases were excluded, yielding 1343 patients for final 
analysis. Missing data patterns are detailed in Supplementary Figure 1. The patient enrollment flowchart is shown in 
Figure 1.

To Study the Effect of SHG on the Clinical Outcomes of AP Based on PSM
Comparison of Clinical Features Between Groups Before PSM
Among 1343 patients in the analysis cohort, 348 (25.9%) presented with SHG at hospital admission.

As shown in Table 1, patients with SHG at admission demonstrated significantly higher BMI (26.33 vs 
25.57; p=0.003), greater prevalence of hyperlipidemia (32% vs 20%; p<0.001) and fatty liver (35% vs 21%; p<0.001) 
medical history compared to non-SHG patients. Moreover, the SHG group had a higher proportion of hyperlipidemic 
pancreatitis. However, no significant differences were observed in gender, age, smoking/alcohol history, hypertension, or 
other chronic comorbidities medical history.

Table 2 demonstrates that patients with SHG had significantly worse clinical outcomes: prolonged hospitalization 
(13.8 vs 12.28 days; p<0.001), higher ICU admission rates (6% vs 2%; p<0.001), increased moderate-severe AP 
incidence (50% vs 35%; p<0.001), and elevated complications including SIRS (54% vs 38%; p<0.001), MODS (37% 
vs 23%; p<0.001), peripancreatic effusion (44% vs 34%; p=0.001), IPN (15%vs.6%; p<0.001), and percutaneous 
drainage requirements (9% vs 4%; p<0.001).

Comparison of Clinical Features Between Groups After PSM
Given pre-match disparities in BMI, hyperlipidemia, fatty liver history, and AP etiology distribution that could confound 
outcomes, we performed PSM to minimize confounding bias. Using 1:2 optimal nearest neighbor matching with a caliper 

Figure 1 Flowchart of patient enrollment.
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Table 1 Baseline Characteristics of SHG and Non-SHG Groups Before and After Propensity Score Matching (PSM)

Before PSM After PSM

Non-SHG 
(n = 995)

SHG 
(n = 348)

p SMD Non-SHG 
(n = 600)

SHG 
(n = 337)

p SMD

Sex, n (%) 0.586 0.038 1 0.003

Female 367 (37) 122 (35) 209 (35) 118 (35)

Male 628 (63) 226 (65) 391 (65) 219 (65)

Age, Median (Q1, Q3) 47 (35.5, 62) 46 (34, 58.25) 0.159 0.094 47 (35.75, 61.25) 47 (34, 59) 0.281 0.020

BMI, Median (Q1, Q3) 25.57 (23.02, 28.69) 26.33 (23.72, 29.81) 0.003 0.183 26.03 (23.44, 29.35) 26.26 (23.67, 29.74) 0.384 0.082

AP etiology, n (%) < 0.001 0.320 0.094 0.159

Biliary 479 (48) 143 (41) 280 (47) 142 (42)

Hypertriglyceridemia 90 (9) 70 (20) 75 (12) 62 (18)

Alcoholic 126 (13) 38 (11) 75 (12) 38 (11)

Others 300 (30) 97 (28) 170 (28) 95 (28)

Other chronic diseases, n (%) 0.013 0.159 0.595 0.003

No 388 (39) 163 (47) 262 (44) 154 (46)

Yes 607 (61) 185 (53) 338 (56) 183 (54)

Smoking, n (%) 0.248 0.076 0.917 0.031

No 595 (60) 221 (64) 374 (62) 212 (63)

Yes 400 (40) 127 (36) 226 (38) 125 (37)

Drinking, n (%) 0.892 0.012 1 0.003

No 635 (64) 220 (63) 378 (63) 213 (63)

Yes 360 (36) 128 (37) 222 (37) 124 (37)

DM, n (%) 0.976 0.007 0.18 0.018

noDM 838 (84) 294 (84) 487 (81) 286 (85)

DM 157 (16) 54 (16) 113 (19) 51 (15)

HTN, n (%) 0.427 0.054 0.76 0.023

No 744 (75) 252 (72) 431 (72) 246 (73)

Yes 251 (25) 96 (28) 169 (28) 91 (27)

HPL, n (%) < 0.001 0.291 0.084 0.052

No 798 (80) 235 (68) 451 (75) 235 (70)

Yes 197 (20) 113 (32) 149 (25) 102 (30)

Fattyliver, n (%) < 0.001 0.333 0.139 <0.001

No 790 (79) 225 (65) 428 (71) 224 (66)

Yes 205 (21) 123 (35) 172 (29) 113 (34)

Table 2 Clinical Characteristics of SHG and Non-SHG Groups Before and After Propensity Score Matching (PSM)

Before PSM After PSM

Non-SHG (n = 995) SHG (n = 348) p Non-SHG (n = 600) SHG (n = 337) p

Days, Median (Q1, Q3) 12.28 (9, 17.22) 13.8 (9.4, 20.43) < 0.001 12.28 (9.24, 17.01) 13.61 (9.32, 20.49) 0.004
Infection, n (%) 0.364 0.236

No 944 (95) 325 (93) 573 (96) 315 (93)

Yes 51 (5) 23 (7) 27 (4) 22 (7)
Severity of pancreatitis, n (%) < 0.001 < 0.001

Mild 647 (65) 174 (50) 385 (64) 168 (50)

Moderate or severe 348 (35) 174 (50) 215 (36) 169 (50)
SIRS, n (%) < 0.001 < 0.001

No 612 (62) 159 (46) 358 (60) 156 (46)
Yes 383 (38) 189 (54) 242 (40) 181 (54)

MODS, n (%) < 0.001 < 0.001

No 762 (77) 220 (63) 454 (76) 211 (63)
Yes 233 (23) 128 (37) 146 (24) 126 (37)

(Continued)
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width of 0.02 (SHG group as reference), covariates included gender, age, BMI, AP etiology, smoking, alcohol use, 
hypertension, hyperlipidemia, diabetes, fatty liver, and chronic comorbidities medical history. Due to cohort size 
limitations, unmatched cases were excluded, yielding 937 successfully matched cases (Table 1). Post-match probability 
density plots (Figure 2) demonstrated balanced propensity score distributions, indicating adequate matching quality. After 
PSM, significant differences in clinical outcomes were still observed between the two groups (Table 2).

We assessed the balance of baseline covariates between the two groups before and after PSM by calculating the 
standardized mean difference (SMD). As shown in Figure 3, significant imbalances were present in several baseline 
characteristics prior to matching, including fatty liver, AP etiology, and HPL. After PSM, the SMDs for all covariates were 
substantially reduced, indicating that a good balance was achieved across all baseline variables. This result demonstrates 
that the PSM procedure effectively minimized the selection bias and confounding effects from the observed covariates.

Table 2 (Continued). 

Before PSM After PSM

Non-SHG (n = 995) SHG (n = 348) p Non-SHG (n = 600) SHG (n = 337) p

Peripancreatic Effusion, n (%) 0.001 0.021

No 652 (66) 194 (56) 384 (64) 189 (56)
Yes 343 (34) 154 (44) 216 (36) 148 (44)

IPN, n (%) < 0.001 < 0.001

No 935 (94) 297 (85) 565 (94) 286 (85)
Yes 60 (6) 51 (15) 35 (6) 51 (15)

Pleural effusion, n (%) 0.355 0.858

No 661 (66) 221 (64) 393 (66) 218 (65)
Yes 334 (34) 127 (36) 207 (34) 119 (35)

Seroperitoneum, n (%) 0.012 0.061

No 684 (69) 213 (61) 408 (68) 208 (62)
Yes 311 (31) 135 (39) 192 (32) 129 (38)

Surgical Intervention, n (%) < 0.001 0.003

No 767 (77) 301 (86) 468 (78) 290 (86)
Yes 228 (23) 47 (14) 132 (22) 47 (14)

Thoracocentesis, n (%) 0.046 0.023

No 978 (98) 335 (96) 592 (99) 324 (96)
Yes 17 (2) 13 (4) 8 (1) 13 (4)

Abdominocentesis, n (%) < 0.001 0.006

No 951 (96) 315 (91) 572 (95) 305 (91)
Yes 44 (4) 33 (9) 28 (5) 32 (9)

Operative Treatment, n (%) 0.001 0.008

Peripancreatic debridement 27 (3) 10 (3) 14 (2) 10 (3)
LC 161 (16) 27 (8) 96 (16) 27 (8)

ERCP 13 (1) 3 (1) 7 (1) 3 (1)

Bile duct exploration 27 (3) 7 (2) 15 (2) 7 (2)
No 767 (77) 301 (86) 468 (78) 290 (86)

Enteral Nutrition, n (%) 0.011 0.025

No 864 (87) 282 (81) 522 (87) 274 (81)
Yes 131 (13) 66 (19) 78 (13) 63 (19)

ICU admission, n (%) < 0.001 0.005

No 974 (98) 327 (94) 586 (98) 316 (94)
Yes 21 (2) 21 (6) 14 (2) 21 (6)

Mortality, n (%) 0.638 0.748

No 978 (98) 340 (98) 589 (98) 329 (98)
Yes 17 (2) 8 (2) 11 (2) 8 (2)

Abbreviations: LC, laparoscopic cholecystectomy; ERCP, endoscopic retrograde cholangiopancreatography; Thoracentesis, pleural fluid drainage.
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Establishment of a Clinical Prediction Model for Infected Pancreatic Necrosis
The 1343 eligible AP patients were temporally split into training and validation sets. The training cohort consisted of 
1074 patients admitted to Shanxi Bethune Hospital from January 2017 to December 2021, while the validation cohort 
comprised 269 patients admitted to Shanxi Bethune Hospital from January 2022 to December 2022.

Figure 2 Probability density curves before and after matching. Purple: Patients with SHG. Yellow: Patients without SHG. The curves demonstrate good matching of 
demographic characteristics between the two groups after propensity score matching.

Fattyliver

AP etiology

HPL

BMI

Other.chronic.diseases

Age

Smoking

HTN

Sex

Drinking

DM

0.0 0.1 0.2 0.3
SMD

Va
ria
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Unmatched

Matched

Figure 3 Standardized mean differences (SMDs) of baseline characteristics before and after propensity score matching. The vertical line indicates an SMD of 0.1. After 
matching, the SMDs for all covariates were substantially reduced, suggesting a good balance was achieved between the groups.
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Comparison of Baseline Traits in Training and Validation Sets
Supplementary Table 1 shows the baseline characteristics and clinical parameters of all patients in the training and 
validation cohorts. Among the variables in the two cohorts, four variables showed significant differences between the 
training cohort and the validation cohort: high-density lipoprotein cholesterol, low-density lipoprotein cholesterol, blood 
urea, and amylase.

Supplementary Table 2 shows the general characteristics of the overall study population grouped by IPN. It can be 
observed that the clinical outcomes of the IPN group were significantly worse. At the same time, there were also 
significant differences in various clinical parameters between the two groups.

Correlation Heatmap Analysis of Predictive Variables in the Training Cohort
Figure 4 displays the correlation matrix of the training cohort to illustrate the relationships between various predictive 
variables. Light-colored cells mainly indicate weak interactions between variables, while dark blue and red areas 

Figure 4 Correlation heatmap of baseline clinical and laboratory parameters. The correlation coefficient between variables is represented by the shade of grey in each cell, 
corresponding to the scale at the bottom, which ranges from −1 (strong negative correlation) to +1 (strong positive correlation). The asterisks denote the level of statistical 
significance: * p<0.05, ** p<0.01, and *** p<0.001.

Journal of Inflammation Research 2025:18                                                                                          https://doi.org/10.2147/JIR.S553311                                                                                                                                                                                                                                                                                                                                                                                                 15769

Zhao et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/553311/553311%20Supplementary%20Materials_1.docx
https://www.dovepress.com/article/supplementary_file/553311/553311%20Supplementary%20Materials_1.docx


represent strong positive and negative correlations, respectively. For example, there is a significant positive correlation 
between plateletcrit (PCT) and RBC, while MCTSI shows a negative correlation with serum calcium. These patterns 
highlight how research variables are interrelated and influence each other, thus reinforcing the necessity of considering 
these relationships during the analysis.

Predictor Screening and Construction of Prediction Model
We initially selected meaningful predictive factors using LASSO regression. Then, we further selected independent 
predictive factors by excluding confounding factors through multivariate Logistic regression.

We used 10-fold cross-validation to determine the optimal tuning parameter λ for the model and identified 11 variables 
with non-zero coefficients: MCTSI, LDL-C, PT (%), serum calcium, history of hyperlipidemia at admission, stress-induced 
hyperglycemia, SIRS, MODS, peripancreatic effusion, pleural effusion, and ascites (Figure 5A and B). These variables 
demonstrated good predictive ability in the model. Using these important indicators, we further constructed a multivariate 
logistic regression model, which identified seven key risk factors for acute pancreatitis complicated with IPN: MCTSI, LDL- 
C, PT (%), history of hyperlipidemia at admission, stress-induced hyperglycemia, SIRS, and peripancreatic effusion. These 
seven factors were statistically significant (p<0.05), verifying their importance in predicting IPN complicated by AP. The OR 
values, 95% confidence intervals, and forest plot of the seven final predictive variables for the outcome are shown in Figure 6.

Model Visualization
Using R software, we visualized the model based on these seven predictive factors and constructed a nomogram to 
predict IPN (Figure 7A). Meanwhile, we developed a web calculator based on the nomogram to simplify the calculation 
process and generate more accurate predictive values for clinical use (Figure 7B). For details, please visit the following 
website (https://zxc102609.shinyapps.io/dynnomapp/). The nomogram provides a visual representation of the impact of 
each predictive factor, which is helpful for clinicians to conduct individualized risk assessments in clinical practice.

Model Prediction Performance Evaluation
To comprehensively evaluate the model’s performance, we assessed its performance from three aspects (discriminative 
ability, calibration, and clinical decision-making efficacy) in both the training and validation cohorts.

In the Training Cohort, The model demonstrated excellent predictive accuracy with an AUC of 0.917 (Figure 8A). In 
the calibration curve, the model’s calibration curve showed good agreement with the ideal diagonal line (Figure 8B), 
reflecting the consistency between predicted probabilities and actual outcomes. To reduce the impact of randomness in 
data partitioning and fully utilize the dataset, we performed internal validation using both the Bootstrap method (1000 
iterations) and 10-fold cross-validation. The results showed that the model’s C-index stabilized above 0.85, indicating 
good predictive consistency and stable predictive ability across different data subsets (Supplementary Figure 2).

To validate the model, we used 269 cases from the validation cohort to assess its accuracy. The model achieved an 
AUC of 0.891 in the validation cohort (Figure 8C), demonstrating good predictive efficacy for new datasets. The 
calibration curve also showed good consistency, indicating accurate prediction (Figure 8D). Furthermore, the decision 
curve analysis (DCA) of the training and validation cohort showed that within a wide range of threshold probabilities, the 
model’s net benefit consistently exceeded that of two extreme strategies (including all variables or no variables), 
demonstrating its potential clinical utility (Figure 8E).

Discussion
Principal Findings and Context
This study successfully developed and validated a machine learning-driven prognostic model identifying SHG as 
a significant independent predictor for infectious pancreatic necrosis (IPN) in AP. It is important to contextualize these 
findings in relation to our group’s prior work. Our previous research developed a clinical prediction model for AP 
complicated with persistent organ failure (POF)17 and compared the advantages and disadvantages of different statistical 
modeling methods.16 Building on this research foundation and in line with the purpose of this study, we innovatively 
applied propensity score matching (PSM) to control for confounding bias and differences in baseline variables. This 
analysis identified SHG as a significant risk factor for poor prognosis in AP, and developed a clinical prediction model 
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for IPN that differs from previous studies. We also made innovations in statistical methods by employing the Bootstrap 
method and 10-fold cross-validation for internal data validation to fully utilize the data in the training set. Both the PSM- 
derived evidence and the inclusion of SHG as a predictor in the IPN prediction model illustrate the adverse impact of 
SHG on AP from two distinct perspectives, thereby strengthening the persuasiveness of the study results. Our research is 
expected to draw clinicians’ attention to AP complicated with stress-induced hyperglycemia and provide them with 
a novel and potentially more accurate tool for the early identification of high-risk IPN patients.

Figure 5 Screening of predictive variables using LASSO regression. (A) Coefficient paths of various variables: The X-axis represents Log(λ), and the Y-axis represents 
variable coefficients. Lines of different colors denote distinct variables. As Log(λ) changes, most variable coefficients approach zero. Eventually, 11 variables with non-zero 
coefficients are identified, highlighting their importance in the model. (B) Relationship between binomial deviance and Log(λ): Each red dot represents the binomial deviance 
for a specific λ value, with error bars indicating the standard error of deviance. The figure shows that as Log(λ) increases, the binomial deviance first decreases and then 
increases, reaching a minimum point to determine the optimal λ.
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Pathophysiological Mechanisms Linking SHG to Adverse Outcomes in AP
This study provides new insights into the negative impact of stress-induced hyperglycemia (SHG) on the clinical 
outcomes of acute pancreatitis (AP), particularly IPN. Unlike previous studies that have focused more on the develop
ment of persistent organ failure in patients with AP complicated by SHG,14,22 our study centers on predicting the 
occurrence of IPN. The key findings indicate that SHG at admission is not only associated with worse clinical outcomes 
in AP patients but also independently predicts the occurrence of IPN through a predictive model integrating lipid 
metabolism disorders and systemic inflammation markers. To the best of our knowledge, this is the first study to 
incorporate SHG as an independent predictor into a clinical prediction model for AP prognosis. These results, together 
with emerging evidence, suggest a key role of glycemic dysregulation in the pathogenesis of pancreatic infection.15

Current studies on SHG in patients with AP are limited, and its underlying pathophysiological mechanisms remain 
poorly understood. Existing clinical research has shown that transient SHG at admission and persistent SHG during the 
first week of admission exacerbate the clinical prognosis of AP patients.13 SHG is also independently associated with 
persistent organ failure, acute necrotic collection, severe infection, and mortality in AP patients.14 Our study confirms the 
association between SHG and poor prognosis in AP. Shao et al reported that in an AP mouse model, the nuclear factor 
kappa-B (NF-κB) pro-inflammatory signaling pathway is activated during AP onset, promoting the recruitment of M1- 
polarized macrophages in the pancreas. This process induces M1 macrophages to release inflammatory extracellular 
vesicles (EVs) containing specific microRNAs (miRNAs), which in turn trigger pancreatic β-cell dysfunction and 
apoptosis, ultimately leading to hyperglycemia.23 Additionally, hyperglycemia induces excessive Notch signaling after 
AP, further worsening acute pancreatitis by promoting M1 phenotypic polarization of pancreatic macrophages while 
inhibiting their M2 polarization.23 M1-polarized macrophages represent an inflammatory response, promoting apoptosis 
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Figure 6 Forest plot of multivariate logistic regression analysis for risk factors. The plot displays the odds ratios (squares) and 95% confidence intervals (horizontal lines) for 
each characteristic. Statistical significance was defined as a P-value < 0.05; P-values < 0.001 indicate strong statistical significance.
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and exacerbating AP progression by expressing inducible nitric oxide synthase (iNOS) and producing pro-inflammatory 
cytokines (eg, interleukin-1β, interleukin-6, and tumor necrosis factor-α).24 The interplay between immunological 
disruption and metabolic dysregulation facilitates the colonization of opportunistic bacteria in otherwise sterile necrotic 
tissue, ultimately leading to IPN.

Interpretation of the Multifactorial Prediction Model
Researchers have debated whether hyperglycemia during AP is a cause of severe disease or a consequence of its 
severity.25 In the early stage of AP, the body initiates systemic stress responses and autonomic nervous system–mediated 
stress adaptation mechanisms, increasing peripheral resistance in organ circulation to prevent excessive blood pressure 

Figure 7 Model Visualization: (A) Nomogram for predicting IPN in AP patients; (B) Web calculator for predicting IPN in AP patients.
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drop. This vasoconstriction of resistance vessels in the systemic circulation reduces organ blood flow, including that to 
the gastrointestinal tract and pancreas, with the degree of reduction proportional to the intensity of the stress response. 
Clinical observations indicate that pancreatic blood flow disorders and pancreatic ischemia play a crucial role in the 
development of human AP.26–30 When pancreatic blood flow is reduced, elevated blood glucose may protect the 
pancreas. Under hypoxic conditions, increased glucose concentration facilitates adenosine triphosphate (ATP) formation 
via anaerobic glycolysis. ATP provides essential energy for intracellular activities, whereas other energy substrates 
require aerobic conditions for metabolism. Thus, pancreatic hyperglycemia may enhance the body’s stress adaptation. In 
summary, the pathophysiological relationship between SHG and AP warrants further exploration.

Figure 8 Model Performance Evaluation: (A) ROC curve for the training cohort with an area under the curve (AUC) of 0.917 (95% confidence interval [CI]: 0.893–0.942); 
(B) Calibration curve for predicting infectious pancreatic necrosis (IPN) in the training cohort; (C) ROC curve for the validation cohort with an AUC of 0.891 (95% CI: 
0.830–0.952); (D) Calibration curve for predicting IPN in the validation cohort; (E) Decision curve analysis (DCA) for the training and validation cohorts. The blue curve 
(train) represents the training cohort, and the red curve (test) represents the validation cohort.
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The Modified CT Severity Index (MCTSI) can intuitively reflect the inflammatory status of pancreatitis through 
imaging features, aiding in the assessment of the severity and prognosis of acute pancreatitis (AP). In our study, MCTSI 
emerged as an independent risk factor for infectious pancreatic necrosis (IPN), consistent with previous research.31–34 

Although peripancreatic effusion is a component of MCTSI, our analysis using LASSO regression and multivariate 
logistic regression demonstrated its independent predictive value for IPN, effectively increasing its weight within the 
MCTSI framework. Clinically, MCTSI reflects the severity of overall organ structural and functional loss, while 
peripancreatic effusion represents a local pathological manifestation. Their combination enhances the predictive con
tribution to IPN.

Our study shows that elevated LDL-C is associated with the occurrence of IPN, which is different from previous 
studies. Khan et al demonstrated that lower serum LDL-C levels measured within 2 days of admission are closely 
associated with higher severity of pancreatitis.35 Other studies have shown that elevated serum triglycerides and reduced 
high-density lipoprotein cholesterol (HDL-C) levels are associated with persistent organ failure (POF) in acute 
pancreatitis.36,37 Building on case studies by other researchers involving patients with poorly controlled type 2 diabetes 
mellitus (T2DM) complicated by hyperlipidemic pancreatitis,38 combined with the findings in our article that SHG and 
HPL are independent predictors of IPN, we speculate that elevated LDL-C primarily acts as an important risk marker and 
“accelerator” of the pathophysiological process, representing abnormalities in lipid metabolism and disorders in glucose 
metabolism. It increases the risk of secondary infection in necrotic pancreatic tissue through indirect but critical 
pathways, such as exacerbating the inflammatory cytokine storm, microcirculatory disorders, promoting bacterial 
translocation, and possibly affecting the clearance of necrotic tissue.

Existing studies have shown that persistent systemic inflammatory response syndrome (SIRS) is associated with 
multiple organ dysfunction syndrome (MODS) and mortality in patients with AP.39 The cytokine storm associated with 
SIRS (eg, IL-6, TNF-α) induces endothelial cell apoptosis and activation of the coagulation system, exacerbating 
pancreatic microcirculatory dysfunction and forming a hypoxic microenvironment. Hypoxia further promotes bacterial 
translocation, ultimately leading to IPN while triggering coagulation dysfunction, causing prolonged prothrombin time 
(PT). Coagulation abnormalities further aggravate microcirculatory disorders, forming an “inflammation-coagulation 
vicious cycle” with SIRS. The inclusion of both SIRS and PT in our predictive model highlights their synergistic roles in 
AP progression.

Clinical Implications
The findings of this study have direct implications for clinical practice. The presence of SHG on admission should be 
regarded as a “red flag” for a complicated disease course, prompting heightened clinical vigilance. Our web-based 
calculator provides a practical tool for early risk stratification. Patients identified as high-risk for IPN could benefit from 
more intensive monitoring, such as serial inflammatory marker measurements and earlier consideration for contrast- 
enhanced CT scans to assess the extent of necrosis. While definitive guidelines are lacking, these high-risk patients may 
also be candidates for early transfer to a specialized high-volume center or ICU admission for aggressive supportive care. 
Furthermore, these results underscore the importance of attentive glycemic management in AP, although the optimal 
glucose targets in critically ill patients remain a subject of debate, requiring a balance to avoid iatrogenic hypoglycemia.

Strengths and Limitations
This study has several strengths, including its large cohort size, the use of PSM to control for confounding, and the 
development of a clinically applicable web-based tool. However, certain limitations must be acknowledged. First, as 
a retrospective, single-center study, our findings require external validation in diverse populations to ensure general
izability. Second, we relied on admission glucose levels and could not assess the impact of dynamic glucose fluctuations 
or glycemic variability, which may hold additional prognostic value. Third, the absence of glycated hemoglobin (HbA1c) 
data limited our ability to precisely distinguish between pre-existing undiagnosed diabetes and true, transient SHG. 
Additionally, patients with severe pre-existing cardiopulmonary, renal, cerebral comorbidities or malignancy were 
excluded from our study and our study cohort predominantly comprised patients with mild acute pancreatitis (MAP). 
This may have resulted in a relatively healthier study population, potentially underestimating the incidence and risk of 
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SHG in real-world clinical settings. Finally, potential unmeasured confounders, such as variations in initial fluid 
resuscitation or nutritional support strategies, could not be fully accounted for. These limitations highlight important 
avenues for future prospective research.

Conclusion
After controlling for the effects of confounding factors using propensity score matching (PSM), our study shows that 
stress-induced hyperglycemia (SHG) adversely impacts multiple clinical outcomes in AP, including longer hospital stays, 
higher ICU admission rates, and increased IPN risk. The nomogram and web calculator—built from seven variables 
(SHG, hyperlipidemia, MCTSI, SIRS, PT%, LDL-C, peripancreatic effusion)—not only predict IPN with high accuracy 
but also reflect the overall severity of AP, providing comprehensive clinical guidance for risk stratification.
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