
lable at ScienceDirect

Pancreatology 24 (2024) 350e356
Contents lists avai
Pancreatology

journal homepage: www.elsevier .com/locate/pan
Machine learning improves early prediction of organ failure in
hyperlipidemia acute pancreatitis using clinical and abdominal CT
features

Weihang Lin a, Yingbao Huang b, Jiale Zhu c, Houzhang Sun b, Na Su b, Jingye Pan d, e, f, g,
Junkang Xu d, e, f, g, Lifang Chen b, *

a Department of Hepatopancreatobiliary Surgery, The First Affiliated Hospital of Wenzhou Medical University, China
b Department of Radiology, The First Affiliated Hospital of Wenzhou Medical University, China
c School of the First Clinical Medical Sciences, Wenzhou Medical University, China
d Intensive Care Unit, The First Affiliated Hospital of Wenzhou Medical University, China
e Key Laboratory of Intelligent Treatment and Life Support for Critical Diseases of Zhejiang Province, China
f Collaborative Innovation Center for Intelligence Medical Education, China
g Zhejiang Engineering Research Center for Hospital Emergency and Process Digitization, China
a r t i c l e i n f o

Article history:
Received 30 April 2023
Received in revised form
24 January 2024
Accepted 5 February 2024
Available online 6 February 2024

Keywords:
Hypertriglyceridemia
Pancreatitis
Organ failure
Machine learning
Random forest
* Corresponding author. Department of Radiology, T
Wenzhou Medical University, Shangcaicun, Nanbai
Wenzhou, 325000, China.

E-mail address: chenlifang2021@126.com (L. Chen

https://doi.org/10.1016/j.pan.2024.02.003
1424-3903/© 2024 IAP and EPC. Published by Elsevie
a b s t r a c t

Background: This study aimed to investigate and validate machine-learning predictive models
combining computed tomography and clinical data to early predict organ failure (OF) in Hyperlipidemic
acute pancreatitis (HLAP).
Methods: Demographics, laboratory parameters and computed tomography imaging data of 314 patients
with HLAP from the First Affiliated Hospital of Wenzhou Medical University between 2017 and 2021,
were retrospectively analyzed. Sixty-five percent of patients (n ¼ 204) were assigned to the training
group and categorized as patients with and without OF. Parameters were compared by univariate
analysis. Machine-learning methods including random forest (RF) were used to establish model to
predict OF of HLAP. Areas under the curves (AUCs) of receiver operating characteristic were calculated.
The remaining 35% patients (n ¼ 110) were assigned to the validation group to evaluate the performance
of models to predict OF.
Results: Ninety-three (45.59%) and fifty (45.45%) patients from the training and the validation cohort,
respectively, developed OF. The RF model showed the best performance to predict OF, with the highest
AUC value of 0.915. The sensitivity (0.828) and accuracy (0.814) of RF model were both the highest
among the five models in the study cohort. In the validation cohort, RF model continued to show the
highest AUC (0.820), accuracy (0.773) and sensitivity (0.800) to predict OF in HLAP, while the positive and
negative likelihood ratios and post-test probability were 3.22, 0.267 and 72.85%, respectively.
Conclusions: Machine-learning models can be used to predict OF occurrence in HLAP in our pilot study.
RF model showed the best predictive performance, which may be a promising candidate for further
clinical validation.
© 2024 IAP and EPC. Published by Elsevier B.V. All rights reserved.
1. Introduction

Acute pancreatitis (AP) is an abdominal emergency character-
ized by acute attack and rapid deterioration. Hyperlipidemia is
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currently the third leading cause of acute pancreatitis, following
gallstones and alcohol abuse [1,2]. The incidence of Hyperlipidemia
AP (HLAP) is growing during the decades [3]. Compared with non-
HLAP, HLAP has a worse mortality [4] and progress more frequently
and rapidly to necrotizing pancreatitis and Organ failure (OF) [5].

OF is a severe complication in about 20% of AP patients. It is a
hallmark manifestation in mild severe AP (MSAP) and severe AP
(SAP), which increased the mortality rate to as high as 30% [6].
Currently, there is no robust parameter to predict the clinical
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Table 1
Univariate analysis of clinical characteristics associated with OF in HLAP in the
training cohort.

Characteristics OF Group Non-OF Group P value

General information
No. of patients [n(%)] 93(45.6) 111(54.4)
Sex [n(%)] 0.086
male 66(71.0) 89(80.2)

Age [years, n(%)] 0.096
�40 40(43.0) 59(53.2)

BMI [n(%)] 0.069
�25 49(52.7) 71(64)

Laboratory examination
TG (mmol/L) ＜0.001
� 22.4 42(45.2) 21(18.9)

WBC ( � 109/L) 0.148
� 12 62(66.7) 65(58.6)

CRP (mg/L) 0.494
� 90 58(62.4) 68(61.3)

Abumin (g/L) <0.001
<35 58(62.4) 25(22.5)

Calcium (mmol/L) <0.001
<2 54 (58.1) 11(9.9)

HDL-C (mmol/L) 0.53 (0.40e0.67) 0.68 (0.58e0.85) <0.001
LDL-C (mmol/L) 1.92 (1.52e2.75) 2.17 (1.73e2.99) 0.058
Apo-AI (g/L) 0.79 (0.68e0.89) 0.90 (0.77e1.14) <0.001
Apo-B (g/L) 0.84 (0.44e0.98) 0.84 (0.74e1.21) 0.008
Lipoprotein (mg/L) 49.0 (21.0e92.5) 52.0 (33.0e116.0) 0.020
Amylase (U/L) 211 (93.5e463.0) 109 (61.0e221.0) <0.001
Lipase (U/L) 334 (167.0e761.5) 210 (112.0e382.0) <0.001

Data were expressed as n (%) or median (interquartile range). P < 0.05 were
considered statistically significant and highlighted in bold. Aapo-AI, apolipoprotein
AI; apo-B, apolipoprotein B; BMI, body mass index; TG, triglyceride; CRP, customer
realized price; HDL-C, high-density lipoprotein cholesterol; HLAP, hyperlipidemia
acute pancreatitis; LDL-C, low-density lipoprotein cholesterol; OF, organ failure;
WBC, white blood cell.
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outcome of AP before the occurrence of. Therefore, it is of clinical
significance to find a predictive models for OF at early time, thus
ensuring more intensive care and corresponding intervention.

HLAP was defined in AP patients when the serum TGs
>11.3 mmol/L; or milky serum with 5.65 � TGs �11.3 mmol/L [7].
Excessive TG is the key driver in the pathogenesis of HLAP. Some
studies have indicated that obesity is associated with the poor
prognosis of AP [8], while radiological parameters of body
composition are associated with the severity of the disease. Mul-
tiple studies have confirmed that HLAP patients with high visceral
adipose tissue (VAT) correlate with high incidence of, MOF syn-
drome, and even death [9]. Adiposity distribution is linked to the
occurrence of SAP in AP patients [10]. Although mostly not needed
to establish the diagnosis of AP, abdominal computed tomography
(CT) is commonly ordered early on for suspected AP in some hos-
pitals to rule out other acute abdomen. CT can also reliably assess
fat distribution and delineate adipose tissues. However, few studies
have evaluated the performance of lipid metabolism-related clin-
ical data in combination with CT features to predict OF in HLAP in
the Chinese population.

The modified Marshall grading system has been suggested to
evaluate severity of in AP [11]. The Ranson score, and the Acute
Physiology and Chronic Health Evaluation II (APACHE II), showed
only modest value of predicting potential OF. However, these
scoring systems are based on parameters dynamically accessed in
clinic and are cumbersome to calculate [11]. Therefore, there is
unmet need to develop an effective and simplified method that can
reliably predict OF in the early phase.

The application of machine learning algorithms (MLAs) has
enabled the analyses of a larger number of predictors, and is ad-
vantageous to establish more optimal models as compared to
traditional methods. The aim of this study was to develop and
validate a robust MLA to predict the development of in patients
with an episode of HLAP from a larger number of predictors that
include lipid metabolism-related clinical and abdominal CT
features.

2. Methods

2.1. Patients

The complete clinical data from the 314 patients with HLAP，
who were admitted to First Affiliated Hospital of Wenzhou Medical
University between July 2017 and August 2021,were retrospectively
analyzed. Revised Atlanta Definitions of AP was employed to di-
agnose AP [11]. HLAP was defined in AP patients when the serum
TGs >11.3 mmol/L; or milky serum with 5.65 � TGs �11.3 mmol/L,
with no other known etiology of AP. Confirmed HLAP patients who
had undergone abdominal CT investigation in 72 h upon abdominal
pain were included in our study. Those patients with poor
abdominal CT imaging, with known etiology of AP (biliary, alco-
holic, autoimmune, etc.), or being concomitant with liver cirrhosis,
pancreatic cancer, coagulation system disease or pregnancy, were
excluded. The design of our study has been approved by the ethics
committee of the First Affiliated Hospital of Wenzhou Medical
University (KY2019e011).

2.2. Data extraction

Clinical features and laboratory results upon the admissionwere
obtained from the Electronic Health Record System (Table 1). The
levels of TGs, white blood cells (WBC), C-reactive protein (CRP),
albumin and calcium were categorized as high and low, using
22.4 mmol/L, 12 � 109/L, 90 mg/L, 35 g/L and 2 mmol/L as the
cutoffs, respectively [12]. Systematic inflammatory response
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syndrome (SIRS), Ranson, APACHE II, BISAP and scorings were
evaluated when feasible.

A total of 224 (71.3%) patients has undergone Contrast-
enhanced CT scanning of abdomen due to deterioration of the
disease. Parenchymal necrosis and pancreatic collections were
assessed by modified CT severity index (MCTSI) in those patients,
otherwise by CT severity index (CTSI) with non-enhanced CT
scanning. Non-enhanced CT scanning are exploited to assess body
composition features. Image J software were used to highlight the
muscle and adipose tissue at the transverse plane of third lumbar
vertebra [13]. Muscle, subcutaneous fat and VAT were delineated in
area from�29 to 150 Hounsfield units (HU), from� 190 to� 30 HU,
and from �150 to 50 HU, respectively. The region of interest (ROI)
area were evaluated automatically. Waist circumference (WC) was
calculated at the navel plane. The visceral adiposity index (VAI),
which includes WC, BMI, TG levels and HDL-C, is indicative of
visceral adiposity function [14]. The VAI was calculated to be
WC(cm)/(39.68 þ 1.88 � BMI) � TG/1.03 � 1.31/HDL-C in male, and
WC(cm)/(36.58 þ 1.89 � BMI) � TG/0.81 � 1.52/HDL-C in female.
Fatty liver (FL) was diagnosed when liver to spleen density ratio (L/
S) is less than 1.0 in the unenhanced CT scanning, and was further
categorized as mild (0.7<L/S < 1.0), moderate (0.5<L/S � 0.7) and
severe (L/S� 0.5). Liver spontaneous attenuationwas defined as the
meanmeasurements of the liver less than 40 HU in the unenhanced
CT images, including one ROI in the left side and two in the right
side [15]. The below factors alone or in combination are regarded as
liver dysfunction: Serum total bilirubin�34 mmol/L, and serum
alanine aminotransferase level exceeds 2 of the normal value. CT
measurements were conducted by two experienced radiologists
blinded to the clinical features exploiting a post processing station
(GE Healthcare Advantage Workstation, version 4.6).
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2.3. Study outcomes

The outcome of the study was the progression of HLAP to OF
during hospitalization. The OF was evaluated in the cardiovascular,
respiratory, and renal systems. The modified Marshall scoring
system, a simple and universally applicable approach that can
objectively define disease severity, was employed to determine OF
if one of these three organ systems scores more than 2 [11].

2.4. Machine learning model

Patients were randomly assigned to the training cohort (65%) or
a validation cohort (35%) using a seed of 45 while the gender and
age maintained proportional between these 2 cohorts. Data from
the training cohort was aimed to teach the MLAs to determine OF.
The validation cohort was a separate data that was used to assess
the performance of the trained MLAs. Note that the data in the
validation cohort was not included during training of MLAs. Before
analyses, the median values were used to replace missing values
before the datawere standardized. The inputting variables showing
significant differences (p < 0.05) in univariate analysis were
included in theMLAsmodels to predict the risk of OF in HLAP. Then,
GBDT methodology, a process of feature selection, was exploited to
capture the most representative features and increase the speci-
ficity and sensitivity of prediction. Five MLAs were selected: deci-
sion tree (DT), k-nearest neighbors (KNN), logistic regression (LR),
naive bayes (NB), and random forest (RF) [16]. The hyperparameters
applied in the final RF model were obtained by a 5-fold cross-
validation. The n_ estimators, max_ depth, min_ samples split
values were 20, 10, and 20, respectively. Finally, the widely used
scoring systems, SIRS, Ranson, APACHE II and BISAP，were
compared.

2.5. Statistical analysis

Statistical analysis was conducted by SPSS18.0 (IBM. SPSS Sta-
tistics for Windows, USA). Continuous variates were compared by
two independent samples t-test or Mann-Whitney U test, while
categorical variates were compared by chi-square test. In order to
identify early risk factors of OF-related events in HLAP, univariate
logistic regression analyses were exploited to calculate odds ratios
(OR) and 95% confidence intervals (CIs). Those variables showing
significant correlation with OF were further subjected to MLAs.
P < 0.05was considered to be statistically different two groups. ROC
curve was depicted to assess the performance of the machine
learning model; the sensitivity, specificity, accuracy, positive and
negative likelihood ratios, and area under curve (AUC) were also
calculated. All statistical analyses were handled with R 3.5.1, Python
3.5.6 and SPSS18.0 (IBM. SPSS Statistics for Windows, USA).

3. Results

3.1. Baseline characteristics

A total of 314 patients with HLAP were included in this study. OF
occurred in 143 of the 314 patients (45.54%) in the whole cohort.
The 204 HLAP cases assigned to the training sample have 93
(45.59%) patients presenting OF; whereas the 110 HLAP cases in the
validation cohort have 50 (45.45%) patients presenting OF. The
characteristics of the included HLAP patients in the training sample
with and without OF were summarized in Tables 1e2. The age
ranged from 10 to 67 years, with a median age of 40 years. 77% of
the patients were male and 40% of all the patients were obese
(BMI�25 kg/m2). Clinical parameters including TG, albumin, cal-
cium, HDL-C, apo-AI, apo-B, amylase and lipase were significantly
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different between HLAP patients with and without OF (P < 0.05).
Abdominal CT features including VAI, fatty liver, liver disfunction
and CTSI also showed significant difference between the two
groups (P < 0.05). Unexpectedly, no statistical differences were
observed in the other belly fat signs of CT images between the two
groups (P > 0.05). Besides, there were no statistical differences in
gender, age, and BMI between the two groups (P > 0.05).

3.2. Models

With the study sample, the LR, NB, KNN, DT and RF models were
established and the AUCs were 0.838, 0.824, 0.853, 0.897, and 0.915,
respectively (Fig. 1). RF model showed the highest AUC to predict
OF in patients with HLAP, which also had the highest sensitivity
(0.828) and accuracy (0.814) among the five models (Table 3). The
validation cohort obtained AUCs of 0.806, 0.804, 0.811, 0.807, and
0.820, respectively. The positive likelihood ratios of the LR, NB,
KNN, DT and RF models were 3.04, 3.50, 3.046, 3.491 and 3.22,
respectively, while the negative likelihood ratios of these modeds
were 0.32, 0.375, 0.434, 0.441 and 0.267, respectively. In the vali-
dation study, RF model continued to show the highest AUC (0.820),
accuracy (0.773) and sensitivity (0.800) to predict OF in HLAP, while
the pre-test probability and post-test probability were 45.45% and
72.85%, respectively. The decision curve and precision-recall (PR)
curve of the five models are presented in Figs. 2 and 3. The
confusion matrix of all the models, except that of NB, performed
well. In the GBDT methodology, the most representative features
were HDL-C, low calcium, amylase, VAI, apo-AI and lipase. The best
feature predictors were HDL-C and Calcium (Fig. 4).

To further assess the accuracy of RF, the new model was
compared with the existing scoring systems used in clinics,
including SIRS, Ranson, APACHE-II and BISAP in the validation
cohort. The ROC curves of SIRS and those scoring systems were
shown in Fig. 5. The AUCs of these scoring systems are all signifi-
cantly lower than the 5 MLAs.

4. Discussion

In this study, we developed several MLAs to predict those HLAP
patients who potentially progressed to OF at an early phase. All
these five models yielded satisfactory predictive performance. We
demonstrated that RF model had the best performance, with an
AUC over 0.90 and both specificity and sensitivity over 0.80. Be-
sides, the RFmodel outperformed the clinical scoring system. These
findings showed that the application of an RF model may be ad-
vantageous to predict OF in HLAP patients. This may positively
trigger more intensive monitoring the disease.

Early recognition of is crucial in the emergent management of
AP patients, and has essential impact on the MSAP and SAP pa-
tients’ immediate and long-term survival. Studies have revealed
that patients with HLAP are more likely to progress to OF due to
existence of large amount of FFA in serum, which is produced from
excessive TG levels through the process of pancrelipase hydrolysis
[17]. Meanwhile, OF increases the risk of infected pancreatic ne-
crosis and is associated with a worse mortality rate as high as 30%
[18]. The existing approaches to diagnose OF usually takemore than
48 h, while some are cumbersome to score and determine. There-
fore, there is an unmet need of tools to early predict OF in HLAP
patients. Machine-learning techniques are informative approaches
and can select the most significant parameters for model con-
struction [19]. Three MLAs had been proposed to predict multiple
OF in MSAP and SAP, of which a neural network-based model
outperformed support vector machine and LR methods [20]. An
artificial neural networks model has also showed highest perfor-
mance for prediction of in-hospital mortality of AP patients by



Table 2
Univariate analysis of abdominal CT Features associated with OF in HLAP in the training cohort.

CT Features OF Group (n ¼ 93) Non-OF Group (n ¼ 111) P Value

Belly fat signs
WC(cm) 90.1 (83.0e101.6) 90.2 (83.9e100.5) 0.927
Muscle area(cm2) 158.8 (121.0e198.2) 171.4 (143.4e199.5) 0.070
SATA (cm2) 152.3 (104.1e224.7) 136.1 (93.2e194.2) 0.164
VAFA (cm2) 166.1 (115.2e255.0) 188.2 (141.3e255.3) 0.130
TATA (cm2) 302.7 (248.4e370.2) 292.6 (248.0e371.6) 0.983
VAI 64.0 (32.8e217.0) 27.4 (13.0e62.5) <0.001

Liver signs
Liver CT value（HU） 36.0 (25.0e49.0) 40.0 (32.0e49.0) 0.193
Fatty liver 48(51.6) 35(31.5) 0.003
LSA（HU） 0.094
< 40 74(79.6) 97(87.4)

Liver dysfunction 28(30.1) 20(18.0) 0.031
CTSI <0.001
� 4 86(92.5) 61(55.5)

CTSI, CT severity index; HLAP, hyperlipidemia acute pancreatitis; OF, organ failure; SATA, subcutaneous fat area; TATA, total fat area; LSA, liver spontaneous atten-
uation; VAI, visceral adiposity index; VATA, visceral fat area; WC, waist circumference. Data were expressed as n (%) or median (interquartile range). P < 0.05 were
considered statistically significant and highlighted in bold.

Fig. 1. ROC curve for five machine-learning models to predict the development of
organ failure in hyperlipidemic acute pancreatitis. ROC: receiver operating character-
istic; AUC, area under the curve. Logistic: logistic regression; Bayes: naive bayes; KNN:
k-nearest neighbors; Tree: decision tree; Forest: random forest.

Table 3
The predictive performance of different types of machine learning in OF occurrence in HLAP patients.

Machine learning AUC Accuracy Sensitivity Specificity Positive Prediction Negative prediction Positive likelihood ratio Negative likelihood ratio

training cohort
Logistic regression 0.838 0.804 0.785 0.820 0.785 0.820 4.356 0.262
naive Bayes 0.824 0.784 0.699 0.856 0.802 0,772 4.849 0.352
k-nearest neighbors 0.853 0.784 0.688 0.865 0.810 0.768 5.092 0.361
decision tree 0.897 0.813 0.656 0.982 0.968 0.773 36.403 0.35
random forest 0.915 0.814 0.828 0.802 0.778 0.848 4.177 0.215
validation Cohort
Logistic regression 0.806 0.755 0.760 0.750 0.717 0.789 3.04 0.32
naive Bayes 0.804 0.755 0.700 0.800 0.745 0.762 3.50 0.375
k-nearest neighbors 0.811 0.727 0.660 0.783 0.717 0.734 3.046 0.434
decision tree 0.807 0.736 0.640 0.817 0.744 0.731 3.491 0.441
random forest 0.820 0.773 0.800 0.750 0.727 0.818 3.22 0.267

AUC, area under curve; HLAP, hyperlipidemia acute pancreatitis; OF, organ failure.

Fig. 2. Decision curve of five machine-learning models to predict the development of
organ failure in hyperlipidemic acute pancreatitis. Logistic: logistic regression; Bayes:
naive bayes; KNN: k-nearest neighbors; Tree: decision tree; Forest: random forest.
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machine learning [21]. In this study, MLAs can also be exploited to
predict OF in patients with HLAP at an early phase, which
353
outperformed the complicated score systems. Although remains to
be further validated in other centers, this machine learning-based



Fig. 3. Precision-recall curve of five machine-learning models to predict the devel-
opment of organ failure in hyperlipidemic acute pancreatitis. PR: precision-recall; AUC,
area under the curve. Logistic: logistic regression; Bayes: naive bayes; KNN: k-nearest
neighbors; Tree: decision tree; Forest: random forest.

Fig. 5. ROC curve for SIRS, Ranson, APACHE-II and BISAP to predict the development of
organ failure in hyperlipidemic acute pancreatitis in the validation cohort. ROC,
receiver operating characteristic; AUC, area under the curve.
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RF model is suggested by our study to be implemented in clinical
settings.

BMI andwaist-to-hip ratio have been shown to serve as markers
of obesity to predict the severity of HLAP and its complications [22].
Nevertheless, BMI is not able to distinguish trunk obesity from
visceral obesity. VAT has been suggested to highly correlate with
AP-related OF and necrosis [23]. These findings indicate that fat
distributionmay play a significant role in the prognosis of HLAP. Xia
et al. has found that the VAI is a favorable predictor of the severity
of HLAP which outperformed classical indicators including BMI,
VATandWC [24]. This study has identified various lipidmetabolism
related abdominal CT features, reflecting the close association be-
tween fat distribution and OF among HLAP patients. Using
Fig. 4. Feature importance derived from the machine-learning based RF model for predicto
hyperlipidemia acute pancreatitis.
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sophisticated machine learning methods, we also found that only
VAI, a sex-dependent index based on BMI, TG, WC and HDL-C, was
associated with OF. The VAI alone achieved the high AUC (0.697) to
early predict of HLAP by ROC curves. Thus, VAI can be identified as
an applicable indicator to predict OF in HLAP patients in the early
stage. Intriguingly, none of other CT parameters of belly fat were
entered into the five predicted models for OF in HLAP patients. Our
previous study also found no association between lipid
metabolism-related body composition and the severity of HLAP
[25].

Our previous research found apo-AI was associated with the
severity of HLAP and length of hospital stay [25]. This study also
recognized that the effect of apo-AI levels on OF in HLAP. There has
been studies showing that the levels of apo-AI, HDL-C, and com-
binations of apo-AI and scoring systems are valuable predictors of
persistent OF in AP [26]. Several parameters, including the HDL-C,
calcium and lactate dehydrogenase, have been suggested to
rs for OF in HLAP in the training cohort. RF: random forest; OF: organ failure; HLAP:
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predict persistent OF in AP [26]. In this study, we found that the five
main clinical features for OF prediction were HDL-C, low calcium,
amylase, apo-AI and lipase. It is worth noting that the five clinical
features were tested in venous blood, which is relatively safe and
accessible in HLAP patients. Moreover, the machine-learning
technique enable the model to be conducted easily, repeatedly
and as early as the blood sample were taken upon admission.

FL is thought to be a hepaticmetabolic disorder, and is a growing
public health problemworldwide, which is increasingly recognized
as an important cause of abnormal liver function tests. Moreover,
the problem of hepatocytes being “fatty” also increases the risk for
chronic kidney disease, cardiovascular disease, some malignancy
and death. It is closely related to metabolic syndrome [27]. Recent
study has suggested that liver spontaneous attenuation in CT cor-
relates with the severity of pancreatitis [28]. In the current study,
although FL and liver disfunction failed to predict of HLAP in the
five predicted models, they were more common in HLAP patients
with OF. A high prevalence of hepatic steatosis (260 of 314 patients
[82.8%]) and a deeper degree of steatosis in HLAP patients with OF
(median CT value 33 HU vs 46 HU, P ¼ 0.009) was found. Therefore,
more investigation may be of help to determine the predictive role
of FL for OF in HLAP.

There were some limitations of the present research. Firstly, the
study was designed retrospectively and patients with HLAP were
enrolled in a single hospital with a limited sample size. Ethnical
and/or regional discrepancy has been suggested in the etiology and
epidemiology of HLAP patients [29,30]. Therefore, extensive studies
including prospective patients from multiple centers are needed to
validate and refine the RF model to predict OF in HLAP patients.
Secondly, OF in our study is determined as a binomial factor (pre-
sent or absent), which cannot differentiate existence of multiple OF
or OF grade. This to some extent neglected the dynamic develop-
ment of. Thirdly, the current study only confines to HLAP patients,
while our finding cannot be extended to the AP patients with other
etiologies. Lastly, some parameters from the RFmodel, such as Apo-
AI, Apo-B and lipoprotein, may not available in some clinical cen-
ters, limiting its wide clinical application.
5. Conclusions

Our study showed that, by exploiting clinical and abdominal CT
features, machine learning can be applied to predict of HLAP. As a
result, RF model outperformed other models and clinically used
scoring systems to predict OF occurrence in HLAP. This RF model
may allow the individualized management and implement early
interventions in those HLAP patients with high risk of early-stage
OF. Besides, machine learning revealed that VAI and apo-AI may
serve as novel predictive biomarkers for OF occurrence. Collabo-
rations with multi-centers and prospective studies on HLAP are
needed to validate the usefulness of our models and predictors.
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