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Prediction of infected pancreatic necrosis
in patients with acute necrotizing pancreatitis
based on ensemble machine learning model
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Abstract

Background To study the value of ensemble machine learning (EL) model in the prediction of infected pancreatic
necrosis (IPN) among patients with acute necrotizing pancreatitis (ANP).

Methods This study comprehensively analyzed 1073 acute necrotizing pancreatitis (ANP) patients admitted

to Xiangya hospital from January 2011 to December 2023. The patients were divided into IPN group and sterile
pancreatic necrosis (SPN) group based on IPN occurrence. All ANP patients were randomly divided into training
dataset and validation dataset with a ratio of 7:3. The EL model was built by integrating multiple machine learning
models (LASSO, random forest, and SVM). To verify the stability of the EL model, 78 ANP patients from the Third
Xiangya hospital were included for external validation, and a Fagan nomogram was constructed to assess the
posterior probability.

Results The EL model was constructed with 31 risk factors identified through LASSO regression. The prediction
accuracy of the EL model in the training dataset was 92.6%. In the validation dataset, the prediction accuracy was
91.5%. Compared with the LR model, the EL. model demonstrated higher AUC values (training dataset: 0.916 vs. 0.744;
validation dataset: 0.919 vs. 0.742) and net benefit rate. The AUC of the EL model for predicting IPN within 7 days, 7-14
days, and after 14 days were 0.888, 0.906, and 0.901, respectively. In addition, the external validation results further
indicated the accuracy of the EL model (AUC: 0.883). An EL model-based Fagan nomogram could be used to estimate
the accuracy of IPN predictions.

Conclusion The EL model demonstrates superior predictive efficiency for IPN compared to the LR model, offering

greater predictive value and potential clinical benefits. Furthermore, the EL model shows stable performance across
different stages of IPN onset, enabling clinicians to make timely adjustments to treatment strategies and ultimately

improve patient outcomes.

Trial registration The study is registered at www.researchregistry.com (Unique Identifying number:
researchregistry10652).
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Introduction

Acute necrotizing pancreatitis (ANP) is a severe form
of acute pancreatitis (AP), characterized by necrosis of
pancreatic parenchyma and/or surrounding tissues, with
a mortality of 13%~22% [1-3]. One of the predominant
causes of mortality in ANP patients is the infection of

the necrotic tissue, also known as infected pancreatic
necrosis (IPN). The mortality rate of IPN patients is as
high as 32%~39% [4, 5]. Early prediction of IPN is criti-
cal for implementing preventive measures and initiating
effective therapy, with the potential to improve clinical
outcomes.
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At present, accurate and early prediction of IPN is still
very difficult. Various laboratory indicators and sever-
ity scoring systems have been investigated. Studies have
shown that procalcitonin (PCT), hematocrit (HCT),
interleukin-6 (IL-6), and gut microbiota could serve as
predictive factors for IPN [6-9]. However, these indi-
vidual indicators lacked predictive specificity and were
infrequently used to diagnose IPN solely. Additionally,
current radiological scoring systems mainly focused on
predicting the severity of AP rather than accurately pre-
dicting the occurrence of IPN.

Given the difficulty in detecting the early onset of infec-
tions with a single biomarker, some studies have focused
on using multiple markers to construct predictive models
for early prediction. Most of the existing predictive mod-
els for IPN were developed using the logistic regression
(LR) method, exhibiting considerable diversity in predic-
tive performance [10, 11]. This variability makes it diffi-
cult for these models to be effectively applied in clinical
practice. Therefore, it is imperative to develop a robust
and accurate predictive model capable of effectively and
accurately identifying IPN patients.

Machine learning (ML), a subset of artificial intelli-
gence, represents an interdisciplinary domain encom-
passing statistics, computer science, and many other
disciplines. With the application of efficient mathemati-
cal algorithms, ML aims to achieve precise prediction
results by discerning complex relationships within the
medical data [12]. Currently, ML has been gradually
applied in the field of AP. In previous study, ML models
have been developed to predict the severity of AP at early
stage [13]. In our earlier study, a machine learning-based
conditional survival model could accurately predict the
prognosis of IPN patients [14]. However, due to the mul-
titude and diverse characteristics of ML methods, it is
challenging to evaluate which methods are best suited for
specific medical scenarios. The ensemble machine learn-
ing (EL) approach can integrate the strengths of multiple
methods to enhance predictive performance [15-17].
Nevertheless, the application of EL in predicting the
occurrence of IPN remains scarce.

The aim of this study was to develop an EL based pre-
dictive model utilizing demographic information, labora-
tory metrics, and radiological scores from a large ANP
cohort to accurately predict and identify patients with
IPN, thereby assisting clinicians in timely antibiotic
use and surgical intervention to improve IPN patient
outcomes.

Methods and materials

Study cohort

Consecutive patients diagnosed with ANP from Janu-
ary 2011 to December 2023 in Xiangya hospital were
prospective enrolled to construct the ANP cohort [14,
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18-20] and underwent a post-hoc analysis. Patients
with the history of chronic pancreatitis, pancreatitis due
to pancreatic tumor, previous pancreatic surgery, and
those with incomplete data were excluded. Finally, 1073
patients with ANP were included for prediction model
construction, consisting of 349 patients with IPN and
724 patients with sterile pancreatic necrosis (SPN). A
total of 78 ANP patients (including 27 IPN patients and
51 SPN patients) admitted to the Third Xiangya hospital
between January 2023 and October 2024 were prospec-
tively included for external validation to assess the stabil-
ity of the EL model. The study was approved by the Ethics
Committee of the study hospital and the collaborating
hospital on December 2010, and supplementary regis-
tered on www.researchregistry.com (Unique Identifying
number: researchregistryl0652, https://researchregistr
y.knack.com/researchregistry#home/registrationdetail
s-/66d5¢427667d8d02cd793b97/) on September 2024.
The study was conducted according to STROCSS crite-
ria [21]. Written informed consent was obtained from all
participants or their legal representatives for publication
of data.

Data collection and definition

After the completion of laboratory test and imaging
examination, the clinical and imaging data of all admit-
ted ANP patients were prospectively collected accord-
ing to the electronic diagnosis and treatment system and
medical records. The definition and classification of AP
was based on the Revised Atlanta Classification (RAC)
[22]. ANP was diagnosed as AP with non-enhancing
areas of the pancreas on a contrast-enhanced computed
tomography (CT) scan. Bacterial culture results from a
peripancreatic specimen are used as a standard test for
pancreatic infection [23]. IPN was defined as a positive
culture of peri-pancreatic specimens obtained during
the first necrosectomy or drainage. SPN was defined as
a negative culture of peri-pancreatic specimens during
the first surgical intervention or no signs of infection
on discharge and follow-up period (90 days after dis-
charge). Patients with ANP who met the above definition
were diagnosed with IPN/SPN for subsequent modeling
analysis.

In this study, specialized data collectors and analysts
were employed to perform data collection and analy-
sis without knowledge of patient group assignment to
minimize the influence of human bias on the analysis
results. The following data were collected from all eligible
patients: (1) Demographic data, including age, gender,
BM], etiology, smoking history, alcohol consumption his-
tory, pregnancy history, chronic complications (hyper-
tension, diabetes, and coronary diseases), temperature
(T), heart rate (HR), blood pressure (BP). (2) Maximum
values of the following clinical data within 3 days upon
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admission: white blood cell count (WBC), red blood cell
count (RBC), neutrophil count (N), lymphocyte count
(L), eosinophil count (E), monocyte count (M), red blood
cell volume distribution width (RDW), platelet specific
volume (PST), mean platelet volume (MPV), serum albu-
min (A), serum globulin (G), alanine aminotransferase
(ALT), aspartate aminotransferase (AST), C-reactive pro-
tein (CRP), PCT, blood urea nitrogen (BUN), creatinine
(Cr), international normalized ratio (INR), and D-dimer.
(3) Radiological data at admission: Balthazar score, CT
severity index (CTSI) score, modified CT severity index
(MCTSI) score and extra-pancreatic inflammation on CT
(EPIC) score and its subitems (including pancreas mor-
phology, pancreatic necrosis area, pleural effusion, ascitic
fluid, portal vein (PV) and/or splenic vein (SV) throm-
bosis, mesenteric inflammation, retroperitoneal inflam-
mation, etc.). In order to minimize the bias caused by
the inclusion of ANP patients with different onset times,
this study categorized patients into 3 subgroups (<7 days,
7-14 days, >14days) based on the onset time interval
from diagnosis of AP to hospital admission. The poten-
tial risk factors of IPN and the predictive effectiveness
of the prediction model were analyzed based on three
subgroups.

CT image acquisition and scoring

All patients underwent CT scans using one of the three
scanners: a 16-multi-detector CT (MDCT) (Brilliance
16, Philipps), a 64-MDCT (SOMATOM Definition, Sie-
mens), or a 320-MDCT (Aquilion ONE, Toshiba Medi-
cal Systems) scanner. CT images were retrieved from the
Picture Archiving and Communication System (PACS,
Carestrem, Canada) and were reconstructed with an axial
thickness of 1 mm.

CT images and scores for each patient were reviewed
independently by two radiologists who were blinded
to the patient information, including the radiological
and clinicopathological data. Any disagreements were
resolved in a panel format with one additional senior
radiologist. The intra-class correlation coefficient (ICC)
was used to evaluate the consistency and stability of
radiological scores between the two radiologists. Gener-
ally, the ICC value greater than 0.75 is indicative of good
agreement. The inter- and intra-observer reproducibility
of the radiological parameters’ evaluation was satisfac-
tory in this study. The inter-observer ICC values of radio-
logical scores evaluated by radiologist 1 and radiologist
2 in their first analysis ranged from 0.837 to 0.904. Sub-
sequently, radiological data from 50 randomly selected
patients were re-evaluated by two radiologists. The intra-
observer ICC values for both evaluations performed by
radiologist 1 ranged from 0.921 to 0.972 (Table S1). As a
result, we used the evaluation results of radiologist 1 for
the subsequent analysis.
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Patient management protocols

All patients received standard treatment according to
the latest international guidelines [24—26]. After admis-
sion, all patients were assessed by the multidisciplinary
team, including pancreatic surgeons, intensive care units
(ICU) physicians, gastroenterology physicians and radi-
ologists. Patients with organ failure were treated in ICU
with mechanical ventilation, continuous renal replace-
ment therapy, vasoactive agents, and/or other measures.
Surgical interventions were typically performed if there
was suspicion of IPN, and were postponed for at least
3-4 weeks from the onset when possible. The step-up
approaches consisting of percutaneous catheter drainage
(PCD), minimal access retroperitoneal pancreatic necro-
sectomy (MARPN) and open pancreatic necrosectomy
(OPN), was the preferred strategy for treating IPN. When
sepsis could not be controlled with minimally invasive
techniques or severe complications (such as massive
bleeding or intestinal leakage) occurred, OPN would be
the final resort of step-up approach. In contrast, OPN
could be used as the initial surgical procedure to remove
infected necrosis when there was no route for PCD or
transluminal drainage. Detailed principles for the inter-
ventions of IPN could be found in our previous publica-
tions [18, 27, 28].

Predictive models

After all data collection and evaluation were completed,
modeling analysis was conducted based on the obtained
data. Two types of prediction models were developed.
The EL model was constructed with ML algorithms, and
multivariate LR method was utilized to build LR model.
In previous studies, EL method has been successfully and
efficiently applied in diagnosis, treatment response and
prognosis prediction in a variety of diseases including
IPN, renal cell carcinoma, ovarian cancer and colorectal
cancer [14, 29-32].

For the EL algorithm, all data processing, data reduc-
tion, feature selection and model building were per-
formed using MATLAB 2017a (The MathWorks, Inc,
Natick, MA, USA). Multiple features from radiomic anal-
ysis, demographic and laboratory data were included in
the ML analysis. The least absolute shrinkage and selec-
tion operator (LASSO) method was used for feature
selection to reduce the collinearity between features. The
cross-validation curve is used to evaluate the variation
of penalty coefficient A, and the minimum average error
criterion is used to determine A to obtain the number of
non-zero features in the model (Figure S1, S2). The sig-
nature for each patient was calculated with the combi-
nation of the selected features by LASSO, weighted by
respective coefficients. This composite score was termed
as the Rad-score. Based on these selected features, the
random forest (RF) method was used to establish another
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constructed to assist clinicians in evaluating the posterior
probability when using EL models to predict IPN [34]. A
P-value <0.05 was considered statistically significant.

Results

Patient characteristics

A total of 1073 patients with ANP were included for
model construction. There were 349 patients defined as
IPN and 724 patients defined as SPN. To minimize data
bias caused by differences in the time of onset, ANP
patients were divided into three subgroups based on
time of onset (<7 days, 7-14 days, > 14days). The demo-
graphic and clinical characteristics of the cohort were
summarized in Table 1. ANP patients recruited from the
collaborating hospital served as an external cohort. The
demographic and clinical characteristics of the external
cohort are summarized in Table S2. There were signifi-
cant differences in HR, PCT, albumin level, RDW, pan-
creatic necrosis area>30%, mesenteric inflammation,
MCTSI score and CTSI score among the three sub-
groups. Compared with the SPN group, the IPN group
patients had faster HR, higher PCT, higher rates of pan-
creatic necrosis area>30% and mesenteric inflammation.
The MCTSI score and CTSI score of IPN group were also
higher than SPN group. In addition, the IPN group had
lower albumin and higher RDW compared to SPN group,

1105 patients with ANP

Previous history of pancreatic surgery (n=2)
History of chronic pancreatitis (n=3)
Patients with incomplete data (n=27)

1073 ANP patients included:
* IPN group (n=349)
* SPN group (n=724)
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indicating poorer nutritional status and baseline condi-
tion. The external validation data further confirmed these
results (Table S2).

Construction of prediction models

The patients were randomly assigned to the training
cohort (n=751) and validation cohort (n=322) with
a ratio of 7:3. Details of the flowchart for building the
classification model were shown in Fig. 1. The LASSO
method integrated demographic information, laboratory
metrics, and radiological parameters to select features for
building predictive models. After dimensionality reduc-
tion, 7 demographic features (including age, male pro-
portion, T, HR, SB, BMI, and etiology), 14 laboratory
metrics (including WBC, RBC, N, L, RDW, PST, MPV,
A, G, BUN, Cr, INR, CRP, and PCT), and 10 radiological
parameters (including pancreas morphology, pancreatic
necrosis area, pleural effusion, ascitic fluid, mesenteric
inflammation, retroperitoneal inflammation, Balthazar
score, EPIC score, MCTSI score, and CTSI score) were
selected. According to the fitting scores of the selected
features, the EL model was integrated by using SVM
method. The results suggested that the EL model had a
significantly higher predictive score for IPN patients
compared to SPN patients, and was able to effectively dif-
ferentiate between IPN and SPN patients (Fig. 2A). The

Training cohort (n=751)

Validation cohort (n=322)

External cohort (n=78)

Prediction model analysis

Fig. 1 Study cohort grouping and exclusion criteria
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prediction accuracy for IPN in the training cohort using
the EL model was 92.6%. In the validation cohort, the
prediction accuracy was 91.5% (Fig. 2B and C).

Model performance

The EL model demonstrated robust performance in
training cohort (AUC: 0.916) and validation cohort
(AUC: 0.919). Compared with the EL model, the AUC of
LR model in the training cohort and validation cohort are
0.744 and 0.742, respectively (Fig. 3A and B). Based on
the comprehensive results of AUC, sensitivity, specificity,
and MCC, the EL model significantly was outperformed
the LR model in predicting IPN (Table S3). The results
of the Delong test indicated that there existed a signifi-
cant difference in the AUC of the two prediction models
(Table S4). In both the training and validation cohorts,
the calibration curve of the EL model showed good

consistency between prediction and clinical diagnosis
(Fig. 3C and D). The C-index of the EL model was 0.873
in the training cohort and 0.868 in the validation cohort.
The Brier scores were 0.057 and 0.060, respectively. These
results suggested that the EL model demonstrated better
prediction efficiency (Table S5). The external validation
results further confirmed the predictive performance
of the EL. model. The AUC of the EL model in predict-
ing external data was 0.883, still outperforming the LR
model (Fig. 4D). The prior probability of the cohort was
calculated according to the number of IPN patients in the
training dataset and validation dataset, and the posterior
probability could be estimated by combining the likeli-
hood ratio. It can help clinicians effectively assess the
true likelihood of IPN in ANP patients (Fig. 5). In addi-
tion, the decision curve of the prediction model indicated
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model (onset time: 7-14 days); (C) AUC of EL model and LR model (onset time > 14 days); (D) AUC of EL model and LR model for external data

that the EL model resulted in more clinical benefits than
the LR model (Fig. 3E and F).

Prediction performance at different stages

To further assess the efficacy of EL model in predicting
IPN at different stages, patients were divided into three
subgroups according to the onset time (<7 days, 7-14
days, >14days). The results showed that the AUC of the
EL model was higher than the LR model in all three sub-
groups (Fig. 4A, B and C), and Delong test results sug-
gested that AUC of EL model and LR model in different
subgroups was significantly different (Table S4). Over-
all, the AUC for IPN patients with different onset times

(1-28 days) predicted by the EL model remained around
0.9, demonstrating robust and stable predictive efficacy
(Figure S3).

Discussion

In this study, an EL model that integrated demographic
characteristics, clinical laboratory variables, and radio-
logical scoring data was developed to predict the occur-
rence of IPN. The results demonstrated that the EL
model outperformed the traditional LR model in predict-
ing IPN. This enhanced predictive capability facilitated
earlier diagnosis of IPN, allowing for more effective guid-
ance of subsequent treatment plans. To our knowledge,
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Fagan nomogram for validation cohort
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Fig.5 Fagan nomogram for predictive model. (A) Fagan nomogram for predictive model in training dataset. The blue line represents a positive likelihood
ratio and the red line represents a negative likelihood ratio; (B) Fagan nomogram for predictive model in validation dataset. The blue line represents a

positive likelihood ratio and the red line represents a negative likelihood ratio

this is the first study to use an ensemble ML model com-
bining clinical and radiological data to predict the occur-
rence of IPN.

In the past, the mortality in ANP patients exhibited
two distinct peaks. The first peak (<2 weeks) was char-
acterized by multiple organ failure (MOF), and the sec-
ond peak (>2 weeks) was caused by complications such
as IPN [35]. Recent advancements in critical care have
significantly reduced early mortality due to MOF in
patients with ANP. Therefore, effective treatment of IPN
became the most crucial factor to improve the survival
rate. In recent years, multiple surgical and endoscopic
interventions have been incorporated into clinical prac-
tice to remove the infected necrotic tissues and control
the source of infection, effectively reducing the mortal-
ity rate of IPN patients [36—38]. However, there were still
many unresolved issues, the most important of which
was the early diagnosis of IPN. The current diagnostic
techniques, scoring systems and biomarkers for the early

prediction of IPN remained unsatisfactory and warranted
further study. In the present study, 7 demographic fea-
tures, 14 laboratory metrics, and 10 radiological parame-
ters were selected by LASSO method. Based on these risk
factors, an ensemble machine learning based model was
constructed for the accurate prediction of IPN.

The EL model incorporated a series of laboratory
parameters, including HR, albumin levels, and PCT,
which have been suggested to be associated with IPN [7,
11, 39, 40]. Nevertheless, Michael et al. found that the
AUC for albumin in predicting pancreatic infection was
only 0.71 [41]. Rau et al. observed that while the negative
predictive value of PCT for predicting IPN was 0.93, its
positive predictive value was only 0.52 [42]. The limited
predictive performance of these laboratory metrics was
not surprising. Local pancreatic infection often accom-
panied systemic inflammatory responses (SIRS), leading
to alterations of these laboratory parameters. Therefore,
individual parameters have limited performance in
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predicting IPN and comprehensive assessment of various
laboratory parameters was necessary.

Through LASSO selection, the most relevant risk fac-
tors for IPN were included in the construction of the EL
model. In this model, in addition to the risk factors previ-
ously used to predict IPN occurrence, RDW was found
to be associated with IPN. Previous studies have high-
lighted the correlation between RDW and the severity of
sepsis and severe acute pancreatitis [43, 44]. Additionally,
research by Murat et al. also suggested potential asso-
ciation between elevated RDW and Acinetobacter bau-
manni infection in ICU [45]. On this basis, the present
study is the first to report an association between RDW
and the occurrence of IPN, and to incorporate RDW into
the prediction model of IPN.

The radiological score was considered closely related
with the prognosis of ANP patients, but its performance
in predicting the occurrence of IPN was limited [10, 46,
47]. Indeed, risk factors such as pancreatic morphol-
ogy and the area of necrosis have been demonstrated
to be associated to IPN [48, 49]. This suggested that
adjustments to the calculation parameters of key subi-
tems within the radiological score were necessary when
predicting pancreatic infection. Through ML methods,
various radiological scores and important subitems were
simultaneously included into the EL model, and re-
assigned coefficients to better suit the prediction of IPN.
Consistent with our hypothesis, the results of feature
screening indicated that parameters within radiologi-
cal scores, including pancreatic morphology, pancreatic
necrosis area, and mesenteric inflammation, could con-
tribute to predicting the occurrence of IPN. Compared to
using only the total score, incorporating these key subi-
tems enhanced the predictive efficiency of the EL model.
A potential explanation was that extensive pancreatic
necrosis and mesenteric inflammation might promote
infection by altering the permeability of the intesti-
nal wall, allowing bacteria from the intestine to enter
the peripancreatic area and bloodstream [50-52]. This
hypothesis warrants further profound mechanism analy-
sis to facilitate the understanding of radiological data in
IPN.

The results of this study demonstrated that the EL
model outperformed the LR model in predicting the
occurrence of IPN. Consistent with prior research,
despite the inclusion of partially inconsistent factors, the
predictive efficiency of the LR model remained between
0.7 and 0.8 [7, 11, 48, 53]. In contrast, the predictive effi-
ciency of the EL model reached up to 0.9, significantly
improving the accuracy of IPN prediction. This result
was further validated in the external data. In the result
of external validation, the AUC of EL model remained
stable and outperformed the LR model (AUC: 0.883 vs.
0.811). These results suggest that the EL model could
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provide better auxiliary guidance for the diagnosis of
IPN. Consistent with present study, Lan et al. utilized
ML model to predict the timing of surgical intervention
for ANP patients, achieving a diagnostic efficiency of 0.9
[54], which exemplified the superiority of ML algorithms.
Previous studies have highlighted that SVM and LASSO
methods are superior to LR methods in predictive mod-
eling due to the non-linear nature of medical predic-
tions [55, 56]. During the feature selection, LR methods
typically choose limited number of features to avoid
overfitting, which might inadvertently discard clinically
significant features. In contrast, ensemble machine learn-
ing algorithms reduced the risk of losing valuable fea-
tures by combining them into a single factor, which was
then used as a unified feature set for modeling, result-
ing in improved model performance. Currently, most
IPN related studies have limited sample sizes, leading
to unstable predictive performance of the models. This
could increase cohort heterogeneity, introduce significant
bias in prediction outcomes, and potentially contribute
to the overuse and misuse of antibiotics in patients with
ANP. The judicious application of ML methods could
lead to the development of more precise models, mitigat-
ing these issues and providing greater clinical benefits.
Furthermore, the ensemble pattern of ML takes into
account the opinions of multiple classifiers rather than
one, enhancing the model’s anti-noise and generalization
capabilities, as well as increasing the reliability of clini-
cal predictive results. In addition, the Fagan nomograms
based on machine learning results could assist clinicians
accurately assess the posterior probability of IPN occur-
rence, thereby guiding antibiotic use and surgical inter-
vention more precisely.

In this study, patients with ANP admitted at different
onset times were included in the cohort for model train-
ing. This inclusion strategy was influenced by the fact
that the research institution, one of the largest pancre-
atitis treatment centers in China, receives ANP patients
from all over the country, with varying onset times upon
admission. Therefore, the ability to widely identify and
predict IPN patients with different onset times have sig-
nificant medical value. At the same time, early prediction
of the occurrence of IPN was important equally for sub-
sequent treatment decisions. Consequently, we assessed
the predictive performance of the EL model across differ-
ent onset time categories (<7 days, 7-14 days, > 14days).
The results indicated that the prediction performance
of EL model for IPN patients with different onset times
remained consistently at 0.9, demonstrating the model’s
ability to accurately and early predict IPN.

The current study has several limitations. Firstly, since
most IPN patients were admitted through referrals, it
was possible that early treatment data for many patients
might be missed during the referral process. Secondly,
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although the EL model was developed using a large ANP
cohort and underwent external validation, the extended
timeframe of the study cohort introduces potential his-
torical bias due to evolving diagnostic criteria and treat-
ment protocols. Furthermore, the limited external data,
sourced solely from the same province, may impact on
the generalizability of the EL model. Further validation
of larger external datasets is still needed to confirm its
stability. Thirdly, a small number of ANP patients who
lacked evidence of pathogenic microorganisms from
peri-pancreatic specimens due to death prior to surgi-
cal intervention were excluded from this study. These
patients were critically ill, and infection may have been
a significant contributing factor to their death. Fourth,
while EL models provided valuable insights, the current
EL model still lacks explainability and uses only a sin-
gle ensemble ML method without comparisons, which
can introduce bias. Therefore, future research direc-
tions should prioritize model optimization and conduct
larger-scale, multicenter randomized controlled trials to
validate our findings and comprehensively address these
limitations.

In summary, a robust EL model by integrating clini-
cal and radiological data of ANP patients was developed
to predict the occurrence of IPN. The predictive per-
formance of the EL model surpassed the LR model in
both internal and external validation and demonstrated
consistent predictive efficacy at different stages. As a
result, the EL model can offer reliable assistance for the
diagnosis of IPN and subsequent endoscopic or surgical
interventions.

Conclusion

In this study, we used ensemble machine learning
method to construct an EL model based on 31 IPN
related risk factors, which can accurately predict the risk
of IPN in ANP patients at different onset times. More-
over, EL model has more advantages in IPN prediction
than traditional LR model, and the Fagan nomogram
constructed based on the EL model can help clinicians
evaluate the posterior probability of IPN. To our knowl-
edge, this study represents one of the largest prospec-
tive cohorts in the existing literature to use ensemble ML
methods for predicting IPN, which could help clinicians
make early adjustments to treatment strategies and ulti-
mately improve outcomes for IPN patients.

Abbreviations

AP Acute pancreatitis

ANP Acute necrotizing pancreatitis
IPN Infected pancreatic necrosis

SPN Sterile pancreatic necrosis

LR Logistic regression

ML Machine learning

RAC The Revised Atlanta Classification

PCD Percutaneous catheter drainage
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MARPN  Minimal access retroperitoneal pancreatic necrosectomy
OPN Open pancreatic necrosectomy

EL Ensemble machine learning

CTsI CT severity index score

MCTSI Modified CT severity index score

EPIC Extra-pancreatic inflammation on CT
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