
Supplementary Methods1

Diagnostic criteria2

1. Smoking history: Smoking at least 1 cigarette every day for a consecutive year.3

2. Epilepsy: Patients clinically present with seizures and exhibit seizure-like discharges on4

EEG recordings during or between seizures. Diagnosis of epilepsy is made if seizures are5

observed, or if there is a history of taking antiepileptic drugs in the past1。6

3. High blood pressure: In the absence of antihypertensive medication, if the systolic blood7

pressure is ≥ 140mmHg and/or diastolic blood pressure is ≥ 90mmHg in three separate8

measurements on different days, the patient is diagnosed with hypertension. Even if the blood9

pressure is below 140/90mmHg and the patient has a history of hypertension and is currently10

taking antihypertensive medication, they should still be diagnosed with hypertension2.11

4. Diabetes: According to the diagnostic criteria proposed by the World Health Organization12

Expert Committee on Diabetes in 1999: fasting blood glucose ≥7.0mmol/L (confirm on another13

day if no typical diabetes symptoms are present); or typical diabetes symptoms with random blood14

glucose or venous plasma glucose ≥11.1mmol/L; or 2-hour blood glucose ≥11.1mmol/L in an oral15

glucose tolerance test (confirm on another day if no typical diabetes symptoms are present); or16

glycosylated hemoglobin ≥6.5%3。17

5. Coronary artery disease: Coronary angiography shows at least one coronary artery18

stenosis ≥50%, or a history of coronary artery bypass grafting4.19

6. Pulmonary embolism: According to the "Diagnosis and Treatment Guidelines for20

Pulmonary Thromboembolism," a CT pulmonary angiography showing filling defects in the21

pulmonary artery is used to diagnose pulmonary embolism5.22

7. Pulmonary contusion: With a clear history of chest trauma, the patient presents with23

symptoms such as chest pain, shortness of breath, hemoptysis, and even respiratory distress.24

Physical examination reveals crackles in the lungs and decreased breath sounds. Diagnosis of25

pulmonary contusion is confirmed through X-ray or CT imaging6.26

8. Pneumonia: According to the "Guidelines for the Diagnosis and Treatment of27

Community-Acquired Pneumonia in Chinese Adults," chest radiography showing newly28

developed patchy infiltrates, lobar or segmental consolidation, ground-glass opacity, or interstitial29



changes, along with any of the following features: (1) fever; (2) new onset cough, sputum30

production, or worsening of existing respiratory symptoms; (3) signs of lung consolidation and/or31

auscultation of crackles; (4) peripheral blood leukocytes >10×109/L or <4×109/L 732

9. Consciousness disorder: The Glasgow Coma Scale was used in this study to assess the33

patients' level of consciousness. GCS consists of three aspects: eye opening response (1-4 points),34

verbal response (1-5 points), and motor response (1-6 points), with a total score of 15 points. A35

score of ≤8 points indicates severe consciousness disorder, 9-12 points indicates moderate36

consciousness disorder, 13-14 points indicates mild consciousness disorder, and 15 points37

indicates clear consciousness. A higher score indicates a milder consciousness disorder8.38

10. Swallowing disorder: This study used the Wakita water swallowing test to evaluate39

patients' swallowing function. The Wakita water swallowing test is graded into 5 levels: Level I40

(Excellent): can swallow water in one attempt; Level II (Good): can swallow water without41

coughing at least 2 times; Level III (Fair): can swallow water in one attempt but coughs; Level IV42

(Acceptable): can swallow water at least 2 times but coughs; Level V (Poor): frequently coughs43

and cannot swallow all the water9.44

Categorical variable label encoding45

During the correlation analysis, categorical variables were converted into dummy variables46

for use in machine learning. For binary classification variables, 1 represented "yes" and 047

represented "no". For multiclass variables, different categories were represented by Arabic48

numerals from 1 to the total number of categories.49

Variables Category Dummy variables

Meal gender
yes 1
no 0

Wet Rales
yes 1
no 0

Smoking
yes 1
no 0

Consciousness Disorder
yes 1
no 0

Dysphagia
yes 1
no 0

Epilepsy
yes 1
no 0



Viscous sputum
yes 1
no 0

Upper Respiratory Tract
Structural Abnormalities
(URSA)

yes

1

no

0

Hypertension
yes 1
no 0

Coronary Heart Disease
yes

1

no
0

Diabetes Mellitus
yes 1
no 0

Pulmonary Infection
yes 1
no 0

Pulmonary Embolism
yes 1
no 0

Pulmonary Contusion
yes 1
no 0

Mental Disorders
yes 1
no 0

Disease Duration :

DD ≤ 30 days 1
30 days < DD ≤ 60 days 2
60 days < DD ≤ 90 days 3
DD > 90 days 4

Primary Disease :

Cerebral Trauma 1
Cerebral Hemorrhage 2
Cerebral Infarction 3
Subarachnoid Hemorrhage 4
Ischemic Hypoxic Brain Disease 5
Central Nervous System
Infectious Diseases

6

Spinal Cord Injury 7
Other Diseases 8

Limb Paralysis :
Quadriplegia 1
Hemiplegia 2
Paraplegia 3

Sputum Culture Pathogens :
Pseudomonas aeruginosa 1
Klebsiella pneumoniae
pneumoniae subtype

2



Acinetobacter baumannii 3
Escherichia coli 4
Serratia marcescens 5
Other Pathogens 6
Two or more pathogens 7
None 8

Table S1. Categorical variables and dummy variables.50

Hyperparameter optimization and parameter tuning51

In this study, a total of eight models were constructed, including K-Nearest Neighbors52

(K-NN), Support Vector Machine (SVM) 10, Gaussian Naive Bayes (GNB), Decision Tree (DT),53

Random Forest (RF) 11, Extra Trees Classifier (ET), Gradient Boosting (GB), and Logistic54

Regression (LR), to compare the predictive performance of each model. Modeling parameters55

were selected using cross-validation and hyperparameter optimization. The screened features56

collected in this study were used as feature variables, with extubation outcomes as the target57

variable. In the dataset of 501 patients, 80% of the data was used as the training set, while 20%58

was used as the test set. Accuracy was calculated using the relevant formulas 10. The raw data59

processing was performed using the Numpy package in Python 2020, while dataset splitting and60

model construction were carried out using the Sklearn package12. The details of hyperparameter61

optimization were provided in Supplementary Material, Table S2.62

Feature Range Optimal value
KNN
k_values 1-40 24
SVM
Kernel linear', 'poly', 'rbf', 'sigmoid' linear'
max_iter 10-1000 500
Regularization parameter (C) 0.01-100 0.1
probability Ture-False Ture
Gaussian Naive Bayes
var_smoothing 10-1-10-9 0.01
Decision Tree
max_depth 3-20 3
min_samples_leaf 1-50 3
criterion gini', 'entropy' entropy'
min_samples_split 2-50 5
splitter best', 'random' best'
Random Forest



max_depth 3-20 5
max_features sqrt', 'log2', sqrt'
min_samples_leaf 1-20 2
n_estimators 100-5000 700
random_state 1-20 3
max_leaf_nodes 10-100 30
min_samples_split 2-20 10
Extra Tree Classifier
max_depth 3-20 10
max_features sqrt', 'log2', sqrt'
min_samples_leaf 1-20 2
n_estimators 100-5000 1000
random_state 1-20 3
max_leaf_nodes 10-100 30
min_samples_split 2-20 10
Gradient Boosting
learning_rate 0.001-0.1 0.01
loss deviance', 'exponential' exponential'
max_depth 3-20 9
max_leaf_nodes 5-50 5
min_samples_leaf 1-50 25
min_samples_split 2-20 5
n_estimators 100-5000 500
subsample 0.1-1 1
AdaBoosting
n_estimators 100-5000 200
learning_rate 0.001-0.1 0.01
Logistic Regression
max_iter 0.001-1000 100
nverse of regularization strength (C) 0.001-200 100
solver liblinear', 'newton-cg', 'lbfgs', 'sag', 'saga' liblinear'
penalty L1', 'L2' L2'

Table S2. Range of hyperparameter optimization values.63

Model building methods and code64

The raw data processing was performed via the Numpy package, while dataset splitting and65

model construction were carried out via the Sklearn package in Python 3.12.412. The study66

constructed a total of 8 independent models, and the specific methods and construction process of67

these models are as follows:68

1. Logistic Regression69



Logistic regression is a regression method widely used for modeling binary outcomes. It70

applies the logit function to the linear combination of independent variables to map the predicted71

results to the [0, 1] interval, estimating the probability of event occurrence13,14. Compared to72

traditional linear regression, logistic regression has significant advantages in dealing with73

non-continuous dependent variables (such as presence or absence of disease, survival or not). The74

method's statistical inference is based on maximum likelihood estimation, with a key focus on75

ensuring independence, avoiding multicollinearity, and maintaining a linear relationship for76

continuous variables on a log-odds scale15. In numerous clinical and epidemiological studies,77

logistic regression is widely used to investigate disease risk factors, predict clinical outcomes, and78

assess intervention effects.79

Code:80

lr = LogisticRegression(max_iter=100,C = 100,solver='liblinear',penalty='l2');81

2. K-Nearest Neighbors82

The K-nearest neighbors (K-NN) algorithm has been widely recognized as a non-parametric83

classification and regression method based on instance learning since the 1990s16. The core idea is84

to calculate the distance between the sample to be classified and all samples in the training set,85

selecting the K nearest neighbors, and making predictions based on the neighbors' categories. The86

standard K-NN algorithm was first applied in academia, its main advantage being its simplicity in87

implementation, allowing for direct prediction using distance calculations without the need for a88

training phase16.89

Code:90

knn = KNeighborsClassifier(n_neighbors=24);91

3. Support Vector Machine92

Support Vector Machine (SVM) is based on the principle of "structural risk minimization" in93

statistical learning theory, aiming to find a separating hyperplane with the maximum margin to94

effectively enhance the model's generalization ability17. In the basic linear SVM model, the95

algorithm transforms the training data into a high-dimensional space and determines the optimal96

hyperplane by solving a convex quadratic programming problem. Kernel function technique97

allows SVM to create non-linear decision boundaries for non-linearly separable98

problems18.Commonly used kernel functions include radial basis function (RBF), polynomial99



kernel, and sigmoid kernel, among others. The choice of different kernel functions significantly100

impacts the performance of the model. In addition, SVM introduces slack variables during model101

training to handle noise and outliers in the data, allowing it to maintain high accuracy while102

preventing overfitting19.103

Code:104

svc = SVC(kernel='linear', max_iter=500, C=0.1, probability=True);105

4. Gaussian Naive Bayes106

The Gaussian Naive Bayes (GNB) classifier is based on Bayes' theorem, assuming all107

features are conditionally independent and continuous variables follow a Gaussian distribution.108

The essence of this approach is to compute the posterior probability and make classification109

decisions by maximizing the probability. In the field of disease prediction and classification, GNB110

is widely used for the early diagnosis of chronic diseases, cancer, and internal medicine conditions.111

In real medical data, it is often difficult to fully satisfy, which may affect the accuracy of the112

model's predictions. Therefore, scholars improve feature selection and data preprocessing113

techniques to minimize the impact of correlations, or use ensemble methods to integrate results114

from multiple classifiers20.115

Code:116

bays = GaussianNB(var_smoothing=0.01);117

5. Decision Tree118

Decision tree is a model with a tree-like structure, consisting of nodes that split data based on119

certain criteria until reaching a predetermined termination condition. The construction of a120

decision tree mainly involves two steps: attribute selection and tree pruning. During the attribute121

selection process, commonly used quantification metrics such as information gain, entropy, and122

Gini index are used to determine the optimal splitting attribute, thereby maximizing the inter-class123

differences at each branch21. To avoid overfitting during the construction process, pruning124

techniques are usually employed to simplify the complexity of the tree21.125

Code:126

tree = DecisionTreeClassifier( max_depth=3, min_samples_leaf=3, criterion='entropy',127

min_samples_split=5, splitter='best');128

6. Random Forest129



Random forest (RF), as a non-parametric, ensemble machine learning algorithm, has shown130

many significant advantages in medical data mining and risk prediction. Firstly, RF's random131

sampling and majority voting mechanism make it robust in handling noisy and high-dimensional132

data. Additionally, its built-in variable importance assessment provides clinicians with an intuitive133

feature selection tool, effectively reducing the feature space and revealing underlying biological134

mechanisms22. Recent research has successfully applied random forests to various fields such as135

neuroimaging, cardiovascular diseases, diabetes prediction, and monitoring of drug adverse136

reactions, demonstrating high practical value of RF in all these areas23,24.137

Code:138

rf = RandomForestClassifier(max_depth=6, max_features='sqrt', min_samples_leaf=2,139

n_estimators=700, random_state=7, max_leaf_nodes=30, min_samples_split=10);140

7. Extreme Random Tree141

Extreme random tree classifier is a type of decision tree ensemble method, similar to RF,142

where the core idea is to vote on the predictions of multiple decision trees. However, ET achieves143

higher levels of randomness and generalization ability through the following key features:144

- Random split points: During node splitting, ET does not select the data-driven optimal split145

point, but randomly selects from possible split values of features to further increase model146

diversity25.147

- Ensemble decision: ET uses the predictions of multiple trees for majority voting or148

averaging to enhance model robustness and stability26.149

Given these characteristics, ET has significant advantages in computational efficiency and150

model robustness compared to traditional decision trees and random forests. It also performs well151

in handling high-dimensional features and heterogeneous data, which is particularly important for152

the complexity of medical data 27.153

Code:154

extraTreeclassfier = ExtraTreesClassifier(max_depth=10, max_features='sqrt',155

min_samples_leaf=2, n_estimators=1000, random_state=3, max_leaf_nodes=30,156

min_samples_split=10);157

8. Gradient Boosting158



The gradient boosting algorithm works by creating a sequence of weak learners (often159

decision trees) and updating each model by using the residuals from the previous model as the160

new target, moving closer to the true value with each iteration. This approach offers powerful161

nonlinear fitting capabilities and robustness, making it well-suited for high-dimensional data and162

complex pattern recognition tasks28. GB methods typically involve the following steps: initializing163

the model, usually with a simple mean prediction. In each iteration, calculate the current model's164

residual and fit it with a new weak learner. Update the overall model based on the predictions of165

weak learners, and introduce a learning rate to prevent overfitting. Repeat this process until166

reaching a predetermined number of iterations or the error decreases to a certain level. To improve167

model performance, researchers often use techniques such as cross-validation and Bayesian168

optimization for hyperparameter tuning, while incorporating regularization techniques to mitigate169

the risk of overfitting complex models29. In addition, there are efficient implementations like170

XGBoost, LightGBM, which have significantly optimized computing speed and memory usage,171

making them advantageous in large-scale medical data processing30.172

Code:173

gb = GradientBoostingClassifier(learning_rate = 0.01, loss ='exponential', max_depth = 9,174

max_leaf_nodes = 5, min_samples_leaf = 25, min_samples_split = 5, n_estimators = 500,175

subsample= 1);176

9. WPV177

The basic principle of WPV integration method lies in the fact that different models may178

exhibit complementary performance advantages when facing complex tasks. By using the179

predicted probabilities of each model and assigning different weights based on their accuracy on180

the validation set, we can mitigate the negative impact of individual model errors on overall181

predictions. In addition, when designing the WPV model, it is necessary to consider not only the182

synergistic effects between different models, but also to effectively address the potential issues of183

data redundancy and high dimensionality that may exist between models. The voting ensemble184

learning method can produce results using either hard or soft voting. Hard voting is ideal for185

predicting distinct class labels, whereas soft voting is more suitable for predicting continuous186

values.This study focused on tweets categorized into different groups, suggesting that hard voting187



is preferable over soft voting31.188

Code：189

WPV_model = VotingClassifier(estimators=[('rf', rf), ('bays', bays), ('knn', knn)],190

voting='soft', weights=[1, 1, 1], verbose=1)191

Supplementary Results192

Ran
k

Model Accuracy
(%)

AUC Sensitivity
(%)

Specificity
(%)

Youden
index
(%)

PPV
(%)

NPV
(%)

Thre
shold

1 WPV 85.15 0.87 81.08 87.50 68.58 78.9
5

88.89 NA

2 Extra
Tree
Classifie
r

83.17 0.87 70.27 90.63 60.90 81.2
5

84.06 0.51

3 Random
Forest

84.15 0.85 72.97 90.62 63.60 81.8
2

85.29 0.50

4 K-Neare
st
Neighbo
ur

82.18 0.85 70.27 89.06 59.33 78.7
9

83.82 0.58

5 Gradient
Boosting

81.19 0.85 72.97 85.93 58.91 75.0
0

84.61 0.53

6 Support
Vector
Machine

79.21 0.83 75.67 81.25 56.93 70.0
0

85.24 0.43

7 Decision
Tree

79.21 0.82 75.68 81.25 56.92 70.0
0

85.24 0.27

8 Logistic
Regressi
on

77.23 0.84 75.67 78.13 53.80 66.6
7

84.75 0.60

9 Gaussian
Naive
Bayes

73.28 0.88 86.49 65.63 52.11 59.2
6

89.36 0.79

Table S3. Summary of the performance of all models.193

194
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196

Figure S1. Confusion matrices of all models. K-Nearest Neighbors (K-NN).197
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199



200

Figure S2. AUC curves of all models. Area under receiver operating characteristic curve (AUC),201

K-Nearest Neighbors (K-NN).202

203
204



205

Figure S3. Learning curves of all models. K-Nearest Neighbors (K-NN).206

207
208



209

Figure S4. Bar summary plots and SHAP summary plots for the remaining four models.210

Shapley additive explanations (SHAP), Glasgow Coma Scale (GCS), Upper Respiratory Tract211

Structural Abnormalities (URSA), Interleukin 6 (IL-6), Albumin (ALB), Pulmonary Embolism212

(PE), K-Nearest Neighbors (K-NN).213
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