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Abstract
Background and Aim: Severe acute pancreatitis (SAP) in patients progresses rapidly and
can cause multiple organ failures associated with high mortality. We aimed to train a ma-
chine learning (ML) model and establish a nomogram that could identify SAP, early in
the course of acute pancreatitis (AP).
Methods: In this retrospective study, 631 patients with AP were enrolled in the training co-
hort. For predicting SAP early, five supervised ML models were employed, such as random
forest (RF), K-nearest neighbors (KNN), and naive Bayes (NB), which were evaluated by ac-
curacy (ACC) and the areas under the receiver operating characteristic curve (AUC). The no-
mogram was established, and the predictive ability was assessed by the calibration curve and
AUC. They were externally validated by an independent cohort of 109 patients with AP.
Results: In the training cohort, the AUC of RF, KNN, and NB models were 0.969, 0.954,
and 0.951, respectively, while the AUC of the Bedside Index for Severity in Acute Pancrea-
titis (BISAP), Ranson and Glasgow scores were only 0.796, 0.847, and 0.837, respectively.
In the validation cohort, the RF model also showed the highest AUC, which was 0.961.
The AUC for the nomogram was 0.888 and 0.955 in the training and validation cohort, re-
spectively.
Conclusions: Our findings suggested that the RF model exhibited the best predictive perfor-
mance, and the nomogram provided a visual scoring model for clinical practice. Our models
may serve as practical tools for facilitating personalized treatment options and improving
clinical outcomes through pre-treatment stratification of patients with AP.

Introduction

Acute pancreatitis (AP) is a common gastrointestinal cause for
hospital admission1 and is characterized by local and systemic in-
flammatory responses.2 Globally, approximately 10%–20% of pa-
tients with AP develop severe acute pancreatitis (SAP) with organ
failure or pancreatic necrosis.3,4 For these patients, the need for in-
tensive care is anticipated as they are at a high risk of mortality.5

Although traditional scoring systems have been commonly used

for predicting SAP, it is crucial to construct an accurate prediction
model to identify patients with a high possibility of developing
SAP on admission.
Many clinical scoring systems, including the Ranson score, the

Glasgow score, the Bedside Index for Severity in Acute Pancreati-
tis (BISAP), and the Modified Computed Tomography Severity
Index (MCTSI), have been employed to predict severity in patients
with AP.6 The Ranson and Glasgow scores both require 48 h ahead
of application and therefore potentially miss the early window for
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therapy.7 Although BISAP is easy to execute, its sensitivity (SEN)
and positive predictive value (PPV) were only 70% and 40%,
respectively.8 Computed tomography scanning is used as the refer-
ence standard for the diagnosis of AP, and MCTSI was improved;
however, their values of the area under the curve (AUC) for re-
ceiver operating characteristic curve (ROC) for predicting SAP
were not high.9

In the healthcare field, machine learning (ML) is advancing
rapidly,10 enabling computers to discover hidden medical informa-
tion automatically using analytical models, which include the sup-
port vector machine, the random forest (RF), the K-nearest
neighbors (KNN), the naive Bayes (NB), and other supervised
learning, as well as unsupervised algorithms.11 Among them, the
RF model is a popular ensemble method used for classification
or regression.12 The NB model is an effective ML algorithm based
on Bayes’ theorem, requiring a small amount of training data, and
has a simpler structure.13 The KNN model is also widely used ow-
ing to excellent generalization and easy implementation.14 How-
ever, to the best of our knowledge, no effective ML models for
predicting SAP have been reported.
Nomogram is a graphical tool that allows for individualized risk

estimation, facilitating clinical decision making.15 Xi Cao et al.16

established a nomogram for predicting SAP, and the results
showed the external validation concordance index was 0.71
(95% confidence interval [CI]: 0.67–0.76). Guanghua Liu et al.17

also developed a nomogram for early assessment of the SAP,
and the external validation concordance index was 0.82 (95% CI
[0.75, 0.89]). Thus nomogram can be used as a visual tool for
predicting SAP in the clinic.
We aimed to provide and compare ML models and nomogram

to predict SAP on admission using blood biomarkers and radiolog-
ical parameters. The outcome may help in reducing the probability
of transferring patients with AP to intensive care units with high
medical costs and improving clinical outcomes.

Methods

Patients. A total of 673 patients with AP from the Second Af-
filiated Hospital of Wenzhou Medical University were enrolled in
the training cohort between January 2015 and December 2020. A
total of 109 AP patients from the Affiliated Central Hospital of
Taizhou University were included in the validation cohort between
January 2020 and December 2020. The diagnosis of AP was con-
firmed if two of the three following criteria were satisfied: upper
abdominal pain, serum amylase or lipase at least three times
greater than the upper limit of the normal range, and/or findings
consistent with AP on imaging.18,19 SAP was defined as patients
with persistent (more than 48 h) organ failure determined using
the modified Marshall score.18,20 Patients with conditions such
as chronic pancreatitis, malignant tumors, traumatic pancreatitis,
anemia, pregnancy, or those under the age of 18 were excluded.
The study design was approved by the Research Ethics Board of
the Second Affiliated Hospital of Wenzhou Medical University,
and all analyses were performed following the Declaration of Hel-
sinki. The schematic of the patient recruitment process in the train-
ing cohort is shown in Figure 1.
The patients were divided into two groups, with one including

patients with SAP and the other consisting of non-SAP

individuals. Demographic characteristics of the patients, includ-
ing age, gender, body mass index (BMI), and comorbidities (hy-
pertension, diabetes, and/or hyperlipidemia) were recorded. The
detailed clinical information of the patients is listed in Tables 1
and S1.

Clinical data. In this study, routine blood tests and C-reactive
protein (CRP) levels from the peripheral venous blood were exam-
ined (Sysmex XI–5000 platform, Hyogo, Japan). The serum bio-
chemical index was obtained from the examination of peripheral
venous blood (Siemens ADVIA 2400 system, Nurnberg,
Germany). Laboratory examinations were performed on admission
and/or after 48 h, while the computed tomography scanning was
performed only on admission. The BISAP and MCTSI scores were
calculated on admission, and the Ranson and Glasgow scores were
estimated from the data of the first 48 h post-admission.
For the convenience of clinical application, while developing pre-

diction models, continuous factors were turned into categorical ones
based on the cut-off values. And the cut-off values of all these var-
iables were obtained by ROC curves, with the values reaching the
maximum AUC (Youden’s index = sensitivity + specificity � 1).
As described by Hu et al.,21 the ROC curve and Youden’s index
were also calculated to identify the best predictor of metabolic ab-
normalities in Chinese adults. The cut-off values were as follows:
CRP ≥ 95 mg/dL, white blood cell count (WBC) ≥ 16.5 × 109 L,
neutrophil to lymphocyte ratio (NLR) ≥ 10, alanine aminotransferase
(ALT) ≥ 61.5 U/L, aspartate aminotransferase (AST) ≥ 43.5 U/L,
albumin (ALB) < 30 g/L, glucose (GLU) ≥ 9 mmol/L, blood urea
nitrogen (BUN) > 20 mg/dL, calcium (CA) ≥ 2 mmol/L,
high-density lipoprotein (HDL) ≥ 0.7 mmol/L, pancreatic inflam-
mation (PI) (yes vs. no), pancreatic necrosis (PN) (yes vs. no),
and extrapancreatic complications (yes vs. no). In addition, the
cut-off for creatinine (CR) ≥ 134 μmol/L (1.5 mg/dl) was based
on previously published data.22,23

ML models and nomogram. We chose five ML models,
including the RF, NB, KNN, neural network (NN), and classifica-
tion tree (CT) as ML classifiers for predicting SAP. We do some
preprocessing to the collected data, such as using smote algorithm
to process the unbalanced samples, expanding the new samples,
and generating new data. In both the training and validation co-
horts, we randomly divided the data into the “train set” and “test
set” in a 7:3 ratio. The train set was used for training the model
by 10-fold cross-validation, following which its predictive perfor-
mance was evaluated in the test set. In this model, 1000 random
samples are generated by replacement to determine how many fea-
tures are included in the model at least and compared with the
existing scoring system. In addition, the relatively important fac-
tors were filtered out by a bootstrap analysis based on the RF
model in the training cohort.
To overcome the black box problem of ML models output and

improve its interpretability, the nomogram was set up based on
the coefficients of LRM and used to explain the individualized
prediction. Meanwhile, the nomogram was evaluated by the cali-
bration curve and AUC.
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Statistical analysis. Statistical analysis was performed
using the SPSS software (version 25.0) (Chicago, IL) and R
statistical software (version 4.0.5). The categorical data were
compared using the χ2 test or the Fisher exact test, while the
continuous variables were compared by t-test or the
Mann–Whitney U test. The results were presented as percentages
(%), mean ± standard deviation, or median (25th–75th percen-
tile). Univariate and multivariate regression analyses were per-
formed to evaluate the influence of clinical characteristics. The
AUC, accuracy (ACC), SEN, specificity (SPE), PPV, and nega-
tive predictive value (NPV) measures were employed to compare
the models with the existing traditional scoring systems for
predicting severity, and ROC curves were plotted on GraphPad
Prism (version 8.0.1) (San Diego, CA, USA). The nomogram
and calibration curve were built on R statistical software (version
4.0.5). Results were expressed as odds ratio (OR) with the corre-
sponding 95% confidence interval (CI). P < 0.05 was considered
statistically significant.

Results

Clinical characteristics and risk factors for pa-
tients with AP in the training and validation co-
horts. Distributions of clinical characteristics and risk
factors between the two study cohorts were listed in Table 1
and Table S1. In the training and validation cohorts, 631 and
109 patients were enrolled, respectively. The percentage of
SAP was 9.3% and 9.1% in the training and validation cohorts,
respectively. There were no statistically significant differences
in age, gender, comorbidities, and BMI between the SAP and
non-SAP groups. However, the length of hospital stay in the
SAP group was significantly longer than that in the non-SAP
group (P < 0.001).

Univariate analysis in the training cohort. A total of
20 variables considered associated with SAP were verified by uni-
variate analysis in the training cohort (Table S2). CRP, WBC,
NLR, ALT, AST, ALB, GLU, BUN, CR, CA, HDL, PI, PN, and
extrapancreatic complications were identified as candidate vari-
ables of SAP, while no statistical differences were observed for
other clinical features.

Performances of different ML models in the train-
ing cohort. We incorporated the 14 candidate variables (cate-
gorical) into five ML models including RF, KNN, CT, NB, and
NN, which were used to predict SAP early in the course of AP
in the training cohort. The result showed that the ACC and AUC
for RF, KNN, CT, NB, and NN for predicting SAP were 90.1%
and 0.969 (95% CI [0.953, 0.984]), 88.6% and 0.954 (95% CI
[0.934, 0.975]), 84.9% and 0.892 (95% CI [0.856, 0.927]),
90.1% and 0.951 (95% CI [0.928, 0.974]), and 88.9% and 0.932
(95% CI [0.903, 0.961]), respectively (Table 2). In addition, the
AUC for the traditional scoring systems, including MCTSI,
BISAP, Ranson, Glasgow scores, and SIRS for predicting SAP
were 0.801 (95% CI [0.736, 0.865]), 0.796 (95% CI [0.744,
0.849]), 0.847 (95% CI [0.798, 0.900]), 0.837 (95% CI [0.792,
0.882]), and 0.743 (95% CI [0.686, 0.800]), respectively. Through
comprehensive comparison, the RF, KNN, and NB models
showed superior performances for predicting SAP as evidenced
by the high AUC, ACC, SEN, SPE, PPV, and NPV values
(Fig. 2a).

Performances of the RF, KNN, and NB models in
the validation cohort. Three ML models including RF,
KNN, and NB were then used to predict SAP in the validation co-
hort. The ACC and AUC for RF, KNN, and NB models for the
prediction of SAP were 86.0% and 0.961 (95% CI [0.920,
1.000]), 80.7% and 0.947 (95% CI [0.893, 1.000]), 75.4% and

Figure 1 Patient recruitment process in the train-
ing cohort. In total, 631 out of 919 patients were in-
cluded in the training cohort according to the
selection criteria. The included patients underwent
laboratory tests and computed tomography scan-
ning. Their complete clinical information was avail-
able and included in the study.
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0.954 (95% CI [0.906, 1.000]), respectively (Table 3, Fig. 2b). Al-
though the AUC, SEN, and NPVof the NB model were similar to
those of the RF model, the SPE and PPVof the former were only
48.2% and 68.2%, thereby increasing the chances of clinical mis-
diagnoses. Therefore, the RF model in the validation cohort, along
with the above training cohort, exhibited the best performance for
predicting SAP.

Ranking the important candidate variables based
on the RF model. We ranked the importance of these 14 can-
didate variables based on the RF prediction model for SAP in the
training and validation cohorts (Fig. 2C). The relatively important
variables were identified, including extrapancreatic complications,
AST, CA, BUN, ALB, WBC, and NLR. They were further deter-
mined as predictive factors for SAP with standard box plots shown
in Figure S3.

Nomogram based on the predictive factors. Among
these aforementioned 14 candidate variables (categorical), 7 vari-
ables were found to be relevant for SAP in the multivariate analy-
sis (Table S4), namely, extrapancreatic complications (OR 5.495,
95% CI [2.320, 13.013]), AST (OR 3.673, 95% CI [1.785,
7.558]), CR (OR 3.290, 95% CI [1.644, 6.585]), CRP (OR
3.045, 95% CI [1.407, 6.587]), ALB (OR 0.412, 95% CI [0.196,
0.866]), WBC (OR 3.316, 95% CI [1.519, 7.237]), and GLU
(OR 2.898, 95% CI [1.383, 6.070]). Therefore, these seven vari-
ables were retained in the LRM. The LRM was: log (odds of
SAP) = 1.704 (EC) + 1.301 (AST) + 1.191 (CR) + 1.113 (CRP)-
0.886 (ALB) + 1.199 (WBC) + 1.064 (GLU).
The nomogram was constructed by using the coefficients of

LRM (Fig. 3a). The AUC of the nomogram was 0.888 (95% CI
[0.881, 0.918]) in the training cohort and 0.955 (95% CI [0.893,
1.000]) in the validation cohort (Fig. 3b). The calibration curves

Table 1 Clinical characteristics and risk factors for patients with AP in
the training and validation cohorts

Variables Training cohort
(n = 631)

Validation cohort
(n = 109)

Age (y, IQR) 44 (35–56) 43 (33–62)
Male (n, %) 428 (67.8%) 63 (57.8%)
Comorbidities (n, %) 252 (39.9%) 42 (38.5%)
Body mass index (kg/m2, IQR) 23.8 (22.0–26.5) 24.9 (21.5–27.7)
Hospital stay (d, IQR) 9 (6–15) 8 (6–10)
C-reactive protein (mg/dL, IQR) 42 (10–118) 70 (14–123)
White blood cell count (×109L,
IQR)

11.4 (8.7–14.4) 10.8 (7.0–13.6)

Neutrophil ratio (%, IQR) 0.83 (0.75–0.88) 0.81 (0.74–0.86)
Lymphocyte ratio (%, IQR) 0.11 (0.07–0.17) 0.12 (0.08–0.18)
Hemoglobin (g/L, IQR) 144 (130–157) 136 (122–154)
RBC (×1012L, IQR) 4.7 (4.3–5.1) 4.5 (4.1–5.0)
Hematocrit (IQR) 0.43 (0.39–0.46) 0.41 (0.37–0.45)
Red cell distribution width
(%, IQR)

13.0 (12.5–13.6) 12.9 (12.6–13.3)

PLT (×109L, IQR) 206 (166–252) 194 (153–242)
Platelet distribution width
(%, IQR)

15.9 (12.9–16.7) 16.3 (16.0–16.7)

Alanine aminotransferase
(U/L, IQR)

31 (17–69) 23 (15–41)

Aspartate aminotransferase
(U/L, IQR)

26 (17–48) 22 (17–33)

Albumin (g/L, IQR) 38.8 (35.5–41.7) 39.3 (36.0–41.8)
Glucose (mmol/L, IQR) 7.3 (5.8–9.7) 7.6 (6.3–10.4)
Blood urea nitrogen (mmol/L,
IQR)

5.0 (3.8–6.6) 4.1 (3.3–5.1)

Creatinine (umol/L, IQR) 61 (50–72) 64 (57–72)
Lactate dehydrogenase (IU/L,
IQR)

222 (177–382) 214 (186–274)

Calcium (mmol/L, IQR) 2.1 (2.0–2.2) 2.1 (2.0–2.2)
Triglycerides (mmol/L, IQR) 1.7 (0.9–5.5) 1.5 (0.9–7.0)
Total cholesterol (mmol/L, IQR) 4.9 (3.9–6.1) 5.1 (4.1–6.5)
High-density lipoprotein (mmol/
L, IQR)

0.9 (0.7–1.2) 0.9 (0.7–1.1)

Low-density lipoprotein (mmol/
L, IQR)

2.1 (1.3–2.9) 2.0 (1.2–3.0)

Amylase (IU/L, IQR) 288 (116–753) 220 (80–476)
Lipase (IU/L, IQR) 240 (105–630) 175 (73–417)
Computed tomography scanning

Pancreatic inflammation
(n, %)

544 (86.2%) 107 (98.2%)

Pancreatic necrosis (n, %) 13 (2.1%) 2 (1.8%)
Extrapancreatic

complications (n, %)
199 (31.5%) 9 (8.3%)

MCTSI (IQR) 2 (2–4) 1 (1–1)
BISAP (IQR) 1 (0–1) 1 (0–1)
Ranson (IQR) 1 (0–1) 0 (0–1)
Glasgow (IQR) 0 (0–1) 1 (0–1)
SIRS (IQR) 1 (0–1) 1 (0–2)

Note: Data as mean ± standard deviation, or numbers and percentages,
or median (25th–75th percentile), as appropriate.
Abbreviations: BISAP, Bedside Index for Severity in Acute Pancreatitis;
IQR, interquartile range; MCTSI, Modified Computed Tomography Se-
verity Index; N, number; SIRS, Systemic Inflammatory Response
Syndrome.

Table 2 Comparison of performances of different models in the train-
ing cohort

Models AUC ACC% SEN% SPE% PPV% NPV% P value

RF 0.969 [0.953–0.984] 90.1 88.6 91.5 91.2 89.0 <0.001
KNN 0.954 [0.934–0.975] 88.6 89.7 87.6 87.7 89.6 <0.001
CT 0.892 [0.856–0.927] 84.9 83.4 86.4 85.9 84.1 <0.001
NB 0.951 [0.928–0.974] 90.1 90.3 89.8 89.8 90.3 <0.001
NN 0.932 [0.903–0.961] 88.9 88.0 89.8 89.5 88.3 <0.001
MCTSI 0.801 [0.736–0.865] 50.7 88.1 69.1 22.7 98.3 <0.001
BISAP 0.796 [0.744–0.849] 55.3 62.7 86.0 64.0 92.9 <0.001
Ranson 0.847 [0.798–0.900] 51.0 76.3 81.8 47.1 95.2 <0.001
Glasgow 0.837 [0.792–0.882] 64.7 72.9 87.8 58.5 94.1 <0.001
SIRS 0.743 [0.686–0.800] 46.8 61.0 80.4 24.3 95.2 <0.001

Note: 95% confidence intervals were included in brackets.
Abbreviations: ACC, accuracy; AUC, area under the curve; BISAP, Bed-
side Index for Severity in Acute Pancreatitis; CT, classification tree;
KNN, K-nearest neighbors; MCTSI, Modified Computed Tomography Se-
verity Index; NB, native Bayes; NN, neural network; NPV, negative pre-
dictive value; PPV, positive predictive value; RF, random forest; SEN,
sensitivity; SIRS, Systemic Inflammatory Response Syndrome; SPE,
specificity.
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were shown in Figure 3c,d, which indicated a close consistency
between the predicted and observed probability.

Discussion

As SAP in patients is related to multiple organ failures with a high
mortality rate, we employed five ML models (RF, KNN, CT, NB,
and NN) for the early determination of SAP. By comparing their
prediction performances both in the training and validation co-
horts, the RF model demonstrated the best performance and could
be useful for guiding treatment and improving clinical outcomes.
ML algorithms based on AI technology for prediction and diag-

nosis have been generally accepted in the medical field.24 The RF

model performs bootstrap aggregation of multiple regression trees
to reduce over-fitting and summarizes the prediction results from in-
dividual trees, thereby yielding more accurate predictions.25,26 Pre-
vious studies also showed that RF could efficiently account for
nonlinear effects and correlated parameters interactions.27 Lan
et al.28 reported that RF was used to predict the timing of surgical
intervention for infected necrotizing pancreatitis patients although
they did not stratified the risk factors. Holodinsky JK et al.29

showed the RF model was a useful ML method for predicting
90-day hometime in individuals with stroke. Yang et al.30 used
ML models to predict the risk of cardiovascular diseases and found
RF superior with an AUC of 0.787. In our study, we incorporated 14
candidate variables into RF, KNN, CT, NB, and NN, and found RF
to fulfill the prediction of SAP early in the course of AP.

Figure 2 (a) Comparison of receiver operating characteristic (ROC) curves between different models in the training cohort. Numbers in parentheses
indicated the areas under the curve (AUC) for ROC. (b) Comparison of ROC curves between random forest, K-nearest neighbors, and naive Bayes in the
validation cohort. (c) Ranking the important variables based on the RF prediction models. Variable importance was presented as a percentage of the
highest value. BISAP, Bedside Index for Severity in Acute Pancreatitis; EC, extrapancreatic complications; MCTSI, Modified Computed Tomography
Severity Index; PI, pancreatic inflammation; PN, pancreatic necrosis; SIRS, Systemic Inflammatory Response Syndrome. (a) , random forest,
(0.969); , K-nearest neighbors (0.954); , naive Bayes (0.951); , neural network (0.932); , classification tree (0.892); , Ranson (0.847); , Glas-
gow (0.837); , MCTSI (0.801); , BISAP (0.796); , SIRS (0.743). (b) , random forest, (0.961); , K-nearest neighbors (0.947); , Naive Bayes
(0.954). (c) , Training cohort; , validation cohort.
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Valverde-López et al.8 showed the Ranson score with an AUC
of 0.85 and PPV of 22.1% for predicting SAP. Pando et al.31 re-
ported the BISAP score with an AUC of 0.873 and SPE of
61.6% and the Acute Physiology and Chronic Health

Evaluation-II score with an AUC of 0.761 and SPE of 63.3% in
predicting SAP. In our study, the AUC, ACC, SEN, SPE, PPV,
and NPV for the RF model were 0.969 (0.953–0.984), 90.1%,
88.6%, 91.5%, 91.2%, and 89.0% in the training cohort (Table 2),
and 0.961 (0.920–1.000), 86.0%, 90.0%, 81.5%, 84.4%, and
88.0% in the validation cohort (Table 3), respectively. Thus, com-
pared with other scoring systems, our RF model was much more
accurate in predicting SAP early in the course of AP (Fig. 2a,b).
Then we ranked the variables and obtained seven significant fac-
tors, namely, extrapancreatic complications, AST, CA, BUN,
ALB, WBC, and NLR (Fig. 2c).
To facilitate clinical application, the nomogram was con-

structed by using the coefficients of LRM, which provided a vi-
sual scoring model for the clinic (Fig. 3a). Meanwhile, we also
obtained seven important variables in the nomogram, namely,
extrapancreatic complications, AST, CR, CRP, ALB, WBC, and
GLU. Four of the seven variables were the same as the seven im-
portant variables of the RF model, and they were extrapancreatic
complications, AST, ALB, and WBC, which could be tested on
admission with high efficiency, simple operability, and low cost.
However, in previous studies, extrapancreatic complications were

Table 3 Comparison of performances of RF, KNN, and NB in the valida-
tion cohort

Models AUC ACC% SEN% SPE% PPV% NPV% P value

RF 0.961 [0.920–1.000] 86.0 90.0 81.5 84.4 88.0 <0.001
KNN 0.947 [0.893–1.000] 80.7 93.3 66.7 75.7 90.0 <0.001
NB 0.954 [0.906–1.000] 75.4 100.0 48.2 68.2 100.0 <0.001

Note: 95% confidence intervals were included in brackets.
Abbreviations: ACC, accuracy; AUC, area under the curve; BISAP, Bed-
side Index for Severity in Acute Pancreatitis; CT, classification tree;
KNN, K-nearest neighbors; MCTSI, Modified Computed Tomography Se-
verity Index; NB, native Bayes; NN, neural network; NPV, negative pre-
dictive value; PPV, positive predictive value; RF, random forest; SEN,
sensitivity; SIRS, Systemic Inflammatory Response Syndrome; SPE,
specificity.

Figure 3 (a) Nomogram predicting the individual probability of severe acute pancreatitis (SAP). The points of seven variables were added to obtain the
sum of points, leading to evaluate the individual probability of progression to SAP in patients with acute pancreatitis (AP). (b) The receiver operating
characteristic (ROC) curves of the LRM in the training and validation cohorts. The calibration curves in the training cohorts (c) and validation cohorts
(d). (b) , Training cohort, AUC = 0.888; , validation cohort, AUC = 0.955.
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rarely included along with laboratory indicators in the clinical
predictive models for SAP. Interestingly, by incorporating
extrapancreatic complications into our RF model and nomogram,
the disease progression of AP patients was comprehensively
evaluated.
The clinical significance of different prediction models varies,

and they possess their own advantages. The nomogram provided
a visual and convenient prediction model for clinical practice. It
can be used to predict the probability of each AP patient
progressing to SAP, optimizing their early individualized treat-
ment plan. As one of machine learning models, the RF model
can deal with high-dimensional data and judge the interaction be-
tween different features. Therefore, in future research on the SAP
prediction model, more dimensional variables can be easily incor-
porated into the RF model, keeping the SAP prediction model
up-to-date and improving its prediction performance. Similar to
the amount of data in our study, Chen et al.32 established and
analyzed an RF-based disease risk prediction model for the
systemic lupus erythematosus, with the training and validation
datasets 405 and 173, respectively. Taken together, the RF model
can be used as a new auxiliary tool for disease risk prediction in
clinical application and contribute to the early identification of
diseases.
This study still has limitations, as clinical data and radiological

parameters were not comprehensive enough. A further investiga-
tion is warranted to expand the clinical sample size, as well as
the prospective and multicenter scope of the studies to consolidate
RF performances. Prognosis prediction of SAP will also be of in-
terest, and RF should be considered for a wide range of clinical
applications.
In conclusions, we established and externally validated ML

models and nomogram for early prediction of SAP. The RF model
exhibited the best performance among ML models, with higher
prediction accuracy, and supplied a feature importance ranking.
Meanwhile, the nomogram explained the individualized predic-
tion, exerted strong calibration ability, and provided a visual and
convenient scoring model for the clinic. The results showed that
both models showed strengths in predicting SAP, and we believe
this combination might be more clinically useful than the RF
model or nomogram alone. During the rapid clinical progression,
early prediction of SAP in patients with AP is of great significance
for timely treatment, personalized management, and improved
outcomes.

Data availability statement. The data generated or
analyzed during this study are available from the corresponding
author on reasonable request.
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Figure S3. Standard box plots presenting the distributions of the
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