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A B S T R A C T

Background: The aim of this study was to build and validate a risk prediction model for aspiration 
in severe acute pancreatitis patients receiving early enteral nutrition (EN) by identifying risk 
factors for aspiration in these patients.
Methods: The risk factors for aspiration were analyzed to build a prediction model based on the 
data collected from 339 patients receiving enteral nutrition. Subsequently, we used six machine 
learning algorithms and the model was validated by the area under the curve.
Results: In this study, the collected data were divided into two groups: a training cohort and a 
validation cohort. The results showed that 28.31 % (77) of patients had aspiration and 71.69 % 
(195) of patients had non-aspiration in training cohort. Moreover, age, consciousness, mechanical 
ventilation, aspiration history, nutritional risk and number of comorbidities were included as 
predictive factors for aspiration in patients receiving EN. The XGBoost model is the best of all 
machine learning models, with an AUROC of 0.992 and an F1 value of 0.902. The specificity and 
accuracy of XGBoost are higher than those of traditional logistic regression.
Conclusion: In accordance with the predictive factors, XGBoost model, characterized by excellent 
discrimination and high accuracy, can be used to clinically identify severe acute pancreatitis 
patients with a high risk of enteral nutrition aspiration.
Relevance to clinical practice: This study contributed to the development of a predictive model for 
early enteral nutrition aspiration in severe acute pancreatitis patients during hospitalization that 
can be shared with medical staff and patients in the future.
No patient or public contribution: This is a retrospective cohort study, and no patient or public 
contribution was required to design or undertake this research.

1. Introduction

Severe acute pancreatitis (SAP) has a rapid onset and progression with complex clinicopathologic changes. Systemic inflammatory 
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response syndrome and multiple organ dysfunction syndrome (MODS) can occur at an early stage, with a mortality rate of 20%–30 % 
[1]. SAP patients are in a state of hyper decomposition and hypermetabolism, often accompanied by severe metabolic disorders, and 
prone to malnutrition [2]. Early enteral nutrition (EEN) (≤48h) can reduce the incidence of complications in SAP patients [3]. Enteral 
nutrition (EN) could stimulate intestinal metabolic activity, which helps to maintain intestinal function and protect the intestinal 
mucosal barrier. Intestinal integrity plays a crucial role in regulating the imbalance of intestinal flora [4]. A study had shown that EN 
had fewer complications than parenteral nutrition, shorter hospital stays and a positive impact on patient outcomes [5]. However, due 
to complications of EN, there is still a proportion of patients who are unable to reach their energy goals [6]. Aspiration is one of the 
serious complications of EN, which increases the risk of aspiration pneumonia by 12 times, which results in acute respiratory distress 
syndrome (ARDS), with a case fatality rate of up to 70 % [7,8], and may also prolong the patient’s hospital stay and increase hos-
pitalization costs [9,10].

Aspiration can be categorized into overt and micromisaspiration according to the symptoms [11]. Clinical symptoms such as 
choking, coughing and shortness of breath immediately after aspiration are characterized as overt aspiration. Microaspiration 
occurring without any noticeable external signs is a subtle yet critical condition to be aware of. The incidence of overt aspiration in ICU 
patients ranges from 8.80 % to 22.45 % [11,12], and the incidence of microaspiration reaches 88.00 % [13,14]. Microaspiration is an 
independent risk factor for ventilator-associated pneumonia and a major source of bacteria [15]. There are several methods for 
detecting aspiration, but all have their drawbacks, such as the radioactivity of technetium 99 [16], the complexity of methylene blue 
[17], and the inaccuracy of alpha amylase [18]. Videofluoroscopic swallowing study (VFSS) can comprehensively and visually assess 
the swallowing function of patients, which are the gold standard for diagnosing swallowing dysfunction [19]. However, there are high 
requirements for operators, operating environment and patient cooperation, and the cost is expensive, so they are less used in clinical 
practice. In contrast, pepsin detection is easy to perform. Therefore, it is recommended to use pepsin detection as a marker for 
microaspiration [17,18]. There is a need for clinical nurses to be fully aware of aspiration procedure, especially, microaspiration [20]. 
It is recommended that medical staff first screen patients with EAT-10 questionnaire, and further test pepsin for positive patients to 
determine whether there is aspiration.

Machine learning (ML) algorithms are good at defining data attributes, using computers to mine the laws present in the data, and 
applying different classifiers to predict the occurrence of diseases [21]. ML has now become a new data analysis paradigm competing 
with multivariate linear regression in medical research and is mainly applied to clinically assisted medical decision making [22]. In 
particular, ML models for early detection of diseases had appeared in various fields such as coronary heart disease [23], diabetes [24], 
kidney disease [25] and lung diseases [26], and the results showed that ML predictive models were comparable to existing screening 
tools. In addition, ML algorithms can capture nonlinear relationships in data and complexity among multiple predictor variables, 
accurately identify risk factors for diseases, and make early predictions and diagnosis [27]. Despite the rapidly expanding field of 
research on ML algorithms, there are no ML-based models for predicting EEN aspiration in patients with SAP.

In a comprehensive review of the literature, we have identified a significant gap in the application of Machine Learning (ML) 
techniques for predicting the risk of aspiration in patients undergoing early enteral nutrition (EEN) for severe acute pancreatitis (SAP). 
There were studies indicating that machine learning techniques can be used to predict complications of acute pancreatitis. A retro-
spective cohort study [28] developed three machine learning models and a traditional logistic regression model for the prediction of 
AKI in patients with acute pancreatitis,the results showed that compared to the traditional modeling approach, the machine learning 
method demonstrated superior performance, including net reclassification and net benefit.

A study had constructed a prediction model for the severity of acute pancreatitis based on machine learning algorithms, three 
models were developed using logistic regression, neural networks, and XGBoost, the results showed that machine learning might be 
able to improve the accuracy of AP risk strategizing methods and allow for more timely treatment and initiation of interventions [29]. 
This was of great significance for predicting and evaluating the severity and making clinical decisions. In addition, there were studies 
[30,31] that integrated the research progress of machine learning in predicting the severity, complications, and mortality of acute 
pancreatitis, providing theoretical basis and new ideas for the clinical treatment of acute pancreatitis assisted by artificial intelligence.

Although previous studies had shown the potential of machine learning in predicting complications related to acute pancreatitis, 
there was no study systematically or specifically employed ML techniques to predict the risk of aspiration in patients undergoing EEN 
for SAP. There was indeed a gap in current knowledge. The ability to predict aspiration risk could revolutionize patient management, 
reduce complications, and improve outcomes for these patients. Given the critical nature of enteral nutrition support in these patients, 
and the potential complications of aspiration, our study aims to develop ML models that accurately predicts the risk of aspiration in 
SAP patients undergoing EEN. Extreme gradient boosting (XGBoost), Logistic Regression (LR), Random Forest (RF), Support Vector 
Machine (SVM), K-Nearest Neighbor (KNN) and Stochastic Gradient Descent (SGD) were selected to mine target data sets and establish 
risk prediction models for aspiration. Then the prediction efficiency of the models under different algorithms is evaluated in order to 
construct the optimal prediction model. The aim is to bridge this gap, enhance risk perception ability and provide new ideas for clinical 
decision-making and patient outcomes.

What does this paper contribute to the wider global community? 

• This study identified a better predictive model for early enteral nutrition aspiration in SAP patients and its association with patient 
measures for clinical risks.

• The results can be used by clinicians and nurse managers to early intercept patient with aspiration, to implement tailored in-
terventions and improve patient care ability.
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2. Methods

2.1. Study design and data collection

A total of 339 patients receiving EN in two hospitals from October 2019 to October 2023 were enrolled and their clinical data 
collected for this retrospective cohort study. Inclusion criteria: ①Age≥18 years old; ②Meet the Atlanta diagnostic criteria for SAP 
[32]; ③EN was given for 24–48 h after admission, and the duration was 1 week; ④Patients and their families gave informed consent to 
the treatment. Exclusion criteria: ①malignant tumor patients; ②pregnancy; ③terminal state; ④incomplete data. For patients with 
multiple admissions take their first data.

2.2. Data management

The formulas of the unmatched case–control study was used to calculate the sample size [33]. The patients were randomized into 
the training and validation cohorts with a ratio of 8:2. Considering that a larger sample size would yield better performances of the 
prediction models, 339 patients were randomly selected for inclusion in the study, with 272 patients in the training group and 67 
patients in the validation group.

Table 1 
Training cohort baseline.

Characteristic Non-Aspiration [cases (%)] Aspiration [cases (%)] P value

Total 195 77 
Age 56.00 [51.00, 66.00] 65.00 [59.00, 69.00] <0.001
Gender   0.456
Male 135 (69.2) 49 (63.6) 
Female 60 (30.8) 28 (36.4) 
Food type   0.341
Commercial nutrition 161 (82.6) 59 (76.6) 
Home-made meals 34 (17.4) 18 (23.4) 
Consciousness   <0.001
Conscious 120 (61.5) 12 (15.6) 
Sleepiness 38 (19.5) 31 (40.3) 
Lethargy 17 (8.7) 12 (15.6) 
Coma 20 (10.3) 22 (28.6) 
Mechanical ventilation   <0.001
NO 163 (83.6) 19 (24.7) 
YES 32 (16.4) 58 (75.3) 
Aspiration history   <0.001
NO 154 (79.0) 33 (42.9) 
YES 41 (21.0) 44 (57.1) 
Nutritional risk   <0.001
NO 156 (80.0) 37 (48.1) 
YES 39 (20.0) 40 (51.9) 
Length of Stay (d),median (IQR) 15.00 [11.00, 22.50] 15.00 [10.00, 26.00] 0.735
Intubation depth (cm),median (IQR) 100.00 [95.00, 105.00] 100.00 [95.00, 105.00] 0.073
Intubation days (d),median (IQR) 13.00 [10.00, 20.00] 14.00 [9.00, 20.00] 0.356
Number of comorbidities   <0.001
0 125 (64.1) 4 (5.2) 
1 40 (20.5) 15 (19.5) 
2 19 (9.7) 31 (40.3) 
3 8 (4.1) 18 (23.4) 
4 3 (1.5) 9 (11.7) 
Antacids   0.435
NO 31 (15.9) 16 (20.8) 
YES 164 (84.1) 61 (79.2) 
Gastricstimulants   0.935
NO 61 (31.3) 23 (29.9) 
YES 134 (68.7) 54 (70.1) 
RBC (1012/L),median (IQR) 3.75 [3.20, 4.50] 3.55 [3.12, 4.15] 0.047
Hb (g/L), mean ± SD 116.00 [111.0, 130.0] 115.00 [110.0, 129.0] 0.356
PLT (109/L),median (IQR) 208.00 [148.5, 307.0] 190.00 [122.0, 284.0] 0.056
WBC(109/L),median (IQR) 11.54 [8.30, 15.47] 10.94 [7.90, 14.25] 0.345
Lym(%),median (IQR) 0.92 [0.66, 1.31] 0.80 [0.62, 1.14] 0.176
NEUT(%),median (IQR) 9.70 [6.32, 13.53] 9.18 [6.41, 12.53] 0.572
K + (mEq/L) 4.00 [3.55, 4.43] 3.96 [3.66, 4.32] 0.469

Note: Number of comorbidities included the total diseases of neurological complications, hypertension, respiratory complications and heart disease.
Age is presented by mean and interquartile range (IQR).
Hb: Hemoglobin; WBC: white blood cell; RBC: red blood cell; PLT: platelet; Lym: lymphocyte; NEUT: neutrophil.
Abbreviations: IQR, interquartile range.
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2.3. Independent variables

The outcome of this study was whether aspiration occurred during EN. The following data were collected for modeling. (1) De-
mographic characteristics: gender, age (years), length of stay, aspiration history, number of comorbidities, consciousness, nutritional 
risk; (2) EN related index: intubation days, intubation depth, food type; (3) Nursing measures: mechanical ventilation; (4) medication 
use: gastric stimulants, antacids; (5) Laboratory test indicators: red blood cells (RBC) counts, haemoglobin (Hb) level, platelet (PLT) 
counts, white blood cell (WBC) counts, lymphocyte (LY) counts, neutrophil (NEUT) counts. All variables were screened, missing values 
greater than 25 % were excluded, and patients with more than 5 % missing personal data were excluded, and the remaining missing 
values were filled in according to multiple interpolation. Table S2 showed the missing values. Finally, a total of 20 variables were 
included, as shown in Table 1.

2.4. Predictive model development and validation

Univariate analysis was performed on the final complete dataset to screen out the factors associated with aspiration in patients with 
EEN. Subsequently, multivariate logistic regression analysis was performed to obtain the patient’s independent risk factors. Based on 
ML, six prediction models were established using the data of the training and the validation cohort, which were as follows: (1) extreme 
gradient boosting (XGBoost); (2) Logistic Regression (LR); (3) Random Forest (RF); (4) Support Vector Machine (SVM); (5) K-Nearest 
Neighbor (KNN); (6) Stochastic Gradient Descent (SGD). Select 10-fold cross-validation for the selection and adjustment of predictive 
model hyperparameters. The discriminant discrimination ability of the model is measured by the area under the receiver operating 
characteristic curve (AUROC).

The medical records of SAP patients who received EN from a hospital in Shandong Province were used as an external validation 
dataset. After converting the optimal predictive model into a web-based calculator, the dataset was used as the basis for external 
validation to evaluate the accuracy and extrapolation power of the model.

2.5. Ethics statement

The study was approved by the Ethics Committee of the First Affiliated Hospital of Xi’an Jiaotong Universityy (No. 
XJTU1AF2023LSK-507). The requirement for individual informed consent was waived by the ethics committee of the First Affiliated 
Hospital of Xi’an Jiaotong University because of the retrospective nature of the study. This study was conducted in accordance with the 
principles of the Declaration of Helsinki.

2.6. Statistical analysis

R statistical software (version 4.0.1) and IBM SPSS26.0 statistical software were used for statistical analysis. The Shapiro-Wilk test 
was used to detect whether the continuous variables conform to a normal distribution. Categorical variables are expressed as frequency 
(proportion). The chi-squared (trend) test was used for comparative analysis between the two groups. The area under the receiver 
operating characteristic curve (AUROC) was analyzed using the “Epi” package in the R software. The sensitivity and specificity were 
calculated: Sensitivity = TP/(TP + FN); Specificity = TN/(TN + FP). TP denotes true positives, TN denotes true negatives, FP denotes 
false positives, and FN denotes false negatives. Factors with significant differences are used in regression analysis. p < .05 is considered 
to have a significant difference.

3. Results

3.1. Characteristics of patients

A total of 339 patients receiving EEN who were randomly selected for inclusion in the study. They were randomly divided into 
training and validation cohorts by a ratio of 8:2. The comparison of demographic and clinical characteristics between the training 
cohort and validation cohort is summarized in Supplementary Table S1. The detailed baseline characteristics in the training cohort are 
displayed in Table 1. There were 77 aspiration patients and 195 non-aspiration patients in the training cohort. A total of 20 variables 
were adopted in this study, of which 7 variables were statistically significant (p < .05). Compared with non-aspiration patients, the age 
of patients with aspiration is significantly older (average age, 56 vs. 65, p < .001). Other basic characteristics such as number of 
comorbidities, nutritional risk, aspiration history and consciousness were also found to be statistically significant (p < .05). There were 
no significant differences in EN related indicators and medication use. Significant differences were found in mechanical ventilation 
among the nursing measures (p < .05). RBC counts showed better effects on the latest blood indexes of EN compared with those of PLT 
counts, Hb levels, WBC counts, lymphocyte count, neutrophil counts and K+.

3.2. Risk factor screening and model construction

Seven risk factors associated with EEN aspiration in SAP patients were taken as independent variables in univariate analysis, and 
the dependent variable was whether aspiration occurred. Logistic regression analysis was performed. The final results showed that age, 
consciousness, aspiration history, mechanical ventilation, nutritional risk and number of comorbidities were independent risk factors. 
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The specific analysis results are shown in Fig. 1 and Table 2.
A nomogram was developed and visualized with the six significant factors based on the final regression analysis (Fig. 2). A score 

was assigned to the value of each variable on a point-scale axis. Predicted probabilities were converted into points on the coordinate 
axis from 0 to 100. Each evaluation criterion corresponded to a variable. Among the six factors, age had the highest effect (points:100). 
Patients with number of comorbidities and mechanical ventilation were respectively allocated 85 points and 45 points. Patients with 
aspiration history were assigned higher points than those without aspiration history (points:38 vs.0). Patients with nutritional risk 
were only slightly higher than patients without nutritional risk. The risk of aspiration signified the aspiration probability ranging from 
0.01 to 0.99. The constructed risk prediction nomogram of aspiration is shown in Fig. 2.

3.3. Model verification

Based on ML, six aspiration prediction models were established using the above four variables. The predictive power of the al-
gorithm for EEN aspiration was validated and evaluated in the validation cohort. ROC curves were plotted with sensitivity as the 
ordinate and 1-specificity as the abscissa, and AUROC was used to evaluate the discrimination of each model. After comparing the six 
models, the AUC, specificity, accuracy, and F1 value of the XGBoost model ranked first, and its AUC was 0.992. The ROC curves for the 
six predictive models are shown in Fig. 3.

The AUC of the SVM, SGD, KNN, RF, XGBoost and LR models is 0.904, 0.843, 0.964, 0.984, 0.992 and 0.903, respectively. XGBoost 
has the highest AUROC and specificity (Table 3), and has better predictive performance than traditional LR models. The most sensitive 
ones are SVM and KNN. The specificity, F1 and accuracy of XGBoost are higher than those of traditional LR, and XGBoost has a higher 
proportion of correct predictions for all samples, and more sensitivity for the diagnosis of aspiration.

The accuracy and precision of risk prediction models provide reference for clinical precision intervention, but the ultimate goal of 
constructing risk prediction models is to benefit patients in clinical applications under any predicted probability of disease occurrence. 
Decision curve analysis (DCA) is a method of evaluating whether using predictive models for clinical decision-making has more ad-
vantages than disadvantages. The horizontal axis of the DCA curve represents the threshold probability, and the vertical axis represents 
the net benefit. The object described by the DCA curve is the net benefit of the entire prediction model or a certain test, which is 
intervened according to the model results. In this study, the risk prediction model constructed by XGBoost algorithm had a higher net 
benefit rate of DCA curve in both the training and validation cohorts compared to the prediction models constructed by other algo-
rithms. The results indicate that the risk prediction model constructed by XGBoost algorithm is more clinically practical. When using 
this model for disease prediction and intervention, patients benefit and is more worthy of clinical promotion and application. The DCA 
curve of the aspiration risk prediction model in SAP patients with EEN was shown in Fig. 4.

4. Discussion

In this study, we showed that some clinical factors were more likely to be associated with EEN aspiration. Using advanced machine 
learning techniques, we could identify some important clinical factors associated with EEN aspiration such as age, consciousness, 
mechanical ventilation, aspiration history, nutritional risk and number of comorbidities. These results have some implications and 
require further consideration. Aspiration related to EEN is a major complication that confers negative effects on patients and caregiver 
[34]. Objective and subjective factors of EN can also contribute to aspiration. Undoubtedly, the mechanism of aspiration in patients 
receiving EEN is complex and variable. Thus, we developed a prediction model. The model may support clinicians and nurses when 
making decisions and treatment recommendations for patients receiving EEN.

Identifying the risk factors of aspiration is the first step in establishing a prediction model of aspiration in SAP patients receiving 
EEN. In this study, age ranked first, indicating that older SAP patients are more likely to experience aspiration than younger patients. 
With the increase of age, the functions of each organ of the body shows different degrees of physiological decline, especially the reflex 
function and swallowing function [35]. Impaired consciousness was one of the independent risk factors. The state of consciousness was 
also one of the indicators reflecting the severity of the patient’s disease, and patients who were critically ill or in impaired con-
sciousness had a decreased cough reflex and reduced defensive airway protection, leading to swallowing disorders. At the same time, 
persistent impaired consciousness or coma could lead to relaxation of the muscles of the throat and increase the risk of accidental 
respiratory secretions from the pharynx, thus increasing the risk of aspiration [36,37]. North American expert consensus on aspiration 
in CCI patients [36] lists aspiration history as the main risk factor for aspiration. This study showed that patients with aspiration history 

Fig. 1. Odds ratio for risk factors of aspiration.
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had a much higher risk of aspiration than patients without aspiration history. A study [38] used ROC curve and multivariate analysis 
and found that aspiration history was a risk factor for complicated aspiration in patients with dysphagia. Patients with mechanical 
ventilation are at high risk of aspiration, with a risk of 11.4 % [39]. A study had shown that the longer the implementation of me-
chanical ventilation, the greater the likelihood of aspiration [40], which was consistent with the results of this study. Sedative 
medications have been shown to be an independent factor in the risk of aspiration [41]. Therefore, it is clinically important to 
minimize unnecessary deep sedation in patients on mechanical ventilation, and health care providers should assess the need for 
sedative use on a daily basis.

Nutritional risk is one of the independent risk factors for predicting the occurrence of aspiration in SAP patients but it is often 
underappreciated [42]. High nutritional risk is positively associated with an increased risk of clinical outcomes such as in-hospital 
death [43]. Patients with high nutritional risk are subjected to additional therapeutic measures such as endotracheal intubation, 
tracheotomy and placement of a nasogastric tube, which can increase the risk of aspiration. However, these patients are most likely to 
benefit from aggressive nutritional therapy [44]. Therefore, timely assessment of patients’ nutritional risk and intervention for patients 
at high nutritional risk can improve the outcome of aspiration.

The number of comorbidities were independent risk factors for EN complicated by aspiration (OR = 15.44). Concurrent aspiration 
was associated with neurological comorbidities, hypertension, respiratory comorbidities and other diseases. Patients with lung disease 
were at increased risk of aspiration due to impaired respiratory defense mechanisms, such as a weakened cough reflex and a weakened 
mucociliary barrier [45–47]. A study identified cardiovascular comorbidities and neurological comorbidities in stroke patients with 
indwelling gastric tubes as important causes of aspiration [48]. Therefore, medical staff should treat the primary disease of patients 
early, pay attention to the mechanism of the disease on aspiration, and reduce the incidence of aspiration in multiple dimensions, 
measures and channels.

The Murray Secretion Scale (MSS), a prediction tool, identified oropharyngeal secretions as a critical indicator for aspiration, 
boasting a sensitivity of 74 % and a specificity of 90 % [49]. The outcome suggests that the model crafted in this current study 
outperformed the MSS in terms of efficacy. The nomogram model we created has transformed the complex regression equation into a 
visual format, enhancing the comprehensibility of the prediction model’s outcomes and rendering it more user-friendly for assessing 
patients undergoing EEN. Each factor can be mapped on an axis. The total points and aspiration risk can be calculated by adding the 
points of the factors altogether. This prediction tool can not only estimate the risk of each factor leading to aspiration but also calculate 
the probability of aspiration.

Machine Learning models have outperformed the traditional model employed for detecting EEN aspiration in SAP patients. In this 

Table 2 
Logistic regression of risk factors for aspiration.

Variables Beta coeff. SE Z p Odds ratio 95 % CI

Intercept − 2.849 3.376 − 0.84   
Age − 0.068 0.026 − 2.66 0.008 0.93 0.89–0.98
Consciousness 0.466 0.222 2.10 0.036 1.59 1.03–2.46
Mechanical ventilation 2.309 0.525 4.39 <0.001 10.07 3.59–28.20
Aspiration history 2.192 0.545 4.02 <0.001 8.96 3.08–26.09
Nutritional risk 1.870 0.672 2.78 0.005 6.49 1.74–24.23
Number of comorbidities 1.177 0.261 4.52 <0.001 3.25 1.95–5.41

Abbreviations: Beta coeff., beta coefficient; SE, standard error.

Fig. 2. Nomogram model for aspiration in patients receiving enteral nutrition. 
Note: Mv: Mechanical ventilation; Ash: Aspiration history; Nur: Nutritional risk; comorbidities: Number of comorbidities.
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research work, we have attempted to address the various issues and limitations in the previous work. Little work has been conducted in 
the area of aspiration prediction in SAP. Most of the current work dealt with severity prediction or complications. Ding et al. [50] 
showed that the ML is a better predictor of mortality in AP than basic scoring systems. In our study, we added enteral nutrition-related 
data and further used advanced deep learning models to predict the risk of aspiration. Moreover, we deployed multiple different 
state-of-the-art classifiers. We determined that tree based ensembles like XGBoost produced higher AUC and F1 scores in most sce-
narios. The XGBoost model estimated the possibility of aspiration in the form of a dichotomy problem: whether aspiration occurred or 
not. In our study, the XGBoost model identified more risk factors of aspiration than that identified by the traditional model. Internal 
validation of 1000 bootstrapped samples maximized the information efficiency of potentially important and informative patient data. 
The ability of machine-learning models to produce individualized predictions enables their use for patient identification and 

Fig. 3. ROC of the nomogram for risk prediction. 
Note:(1) XGBoostextreme gradient boosting; (2) Logistic Regression (LR); (3) Random Forest (RF); (4) Support Vector Machine (SVM); (5) K-Nearest 
Neighbor (KNN); (6) Stochastic Gradient Descent (SGD).

Table 3 
Prediction performance. AUROC area under the receiver operating characteristics curve.

Predictors AUROC Accuracy Sensitivity Specificity F1 measure

SVM 0.904 0.810 0.938 0.778 0.671
SGD 0.843 0.810 0.667 0.847 0.592
KNN 0.964 0.852 0.938 0.831 0.726
RandomForest 0.984 0.954 0.896 0.968 0.893
XGBoost 0.992 0.958 0.896 0.974 0.902
LR 0.903 0.840 0.729 0.868 0.654
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classification in clinical trials.
There are some strengths and limitations. The XGBoost model is a novel technique that has not been widely used in acute 

pancreatitis. The XGBoost algorithm has been successfully applied to some complex scenarios, and the prediction accuracy of the 
XGBoost model is significantly better than that of the generalized linear model. This is not surprising, as the XGBoost model is a 
collection of weak prediction trees capable of capturing complex relationships in the data without the need for higher-order in-
teractions and nonlinear functions that are explicitly specified. In addition, the technique is well designed to prevent overfitting by 
cross-validation and regularization. This study also has limitations. First, the datasets were retrospective information although they 
were from two large domestic general hospitals. Second, the sample size was small and patient enrollment bias was difficult to avoid. 
Therefore, prospective, large-sample studies should be conducted in subsequent studies to explore and validate the clinical value of the 
prediction model.

5. Conclusion

In conclusion, this study showed that some clinical factors were more likely to be associated with EEN aspiration. The XGBoost 
modeling technique could identify the predictors of aspiration that were not apparent using logistic regression, resulting in a better- 
performing predictive model to identify patients with EEN aspiration. The XGBoost model utilize patient data from electronic medical 
records to predict aspiration in patients receiving EEN with no additional costs. Overall, the performance of the model is superior to 
that of the traditional model in terms of several aspects. The findings may be used for clinical aspiration prediction and provide a 
reference for the prevention and treatment of aspiration.
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