[bookmark: _GoBack]# Linear Regression and LASSO Regression
library(glmnet)
library(rms)
library(tidyverse)
library(car)
library(ggplot2)
library(lmtest)
library(sandwich)

# 1. data preparation
#Assuming that the data box df contains the following variables:
#Delta_CTDI: Total CTDI score after training - Total CTDI score before training
#- Trutheseek, analyticity,..., co-maturity: baseline scores for 7 critical thinking dimensions
#- Gender, profession: demographic variables

# 2. Construction of Multiple Linear Regression Model
full_model <- lm(delta_CTDI ~ truth_seek + analyticity + open_mind + 
                systematicity + self_conf + inquisitive + cog_maturity +
                gender + profession,
              data = df)

# 3. Summary of Model Results
summary(full_model)  # Display coefficient estimation and significance
cat("Adjusted R-squared:", summary(full_model)$adj.r.squared, "\n")
cat("AIC:", AIC(full_model), "\n")
cat("RMSE:", sqrt(mean(residuals(full_model)^2)), "\n")

# 4. model diagnosis
#4.1 Residual visualization
diagnostic_plots <- function(model) {
  # Residual vs fitted value plot (check for heteroscedasticity)
  p1 <- ggplot(data = NULL, aes(x = fitted(model), y = residuals(model))) +
    geom_point(alpha = 0.6) +
    geom_hline(yintercept = 0, linetype = "dashed") +
    labs(x = "Fitted values", y = "Residuals", 
         title = "Residuals vs Fitted") +
    theme_minimal()
  
  #QQ chart (check normality)
  p2 <- ggplot(data = NULL, aes(sample = rstudent(model))) +
    geom_qq() + 
    geom_qq_line() +
    labs(title = "Normal Q-Q") +
    theme_minimal()
  
  gridExtra::grid.arrange(p1, p2, ncol = 2)
}

diagnostic_plots(full_model)

#4.2 Statistical testing
#Breusch Pagan test for heteroscedasticity
bptest(full_model)  # If p<0.05, there is heteroscedasticity

# Normality test (Shapiro Wilk test)
shapiro.test(residuals(full_model))  #If p<0.05, reject the normal hypothesis

# 5. If there is heteroscedasticity or non normality, use robust standard error
if(bptest(full_model)$p.value < 0.05 | 
   shapiro.test(residuals(full_model))$p.value < 0.05) {
  # Calculate robust standard error
  robust_se <- sqrt(diag(vcovHC(full_model, type = "HC3")))
  
  # Create result table
  results <- data.frame(
    Estimate = coef(full_model),
    Std_Error = robust_se,
    z_value = coef(full_model)/robust_se,
    p_value = 2*pnorm(-abs(coef(full_model)/robust_se))
  )
  print(results)
} else {
  # Output regular results
  summary(full_model)
}

# 6. Final model selection (based on AIC stepwise regression)
final_model <- step(full_model, direction = "both", trace = 0)
summary(final_model)

# 7. Visualization of Effect Quantity
ggplot(data = NULL, 
       aes(x = names(coef(final_model))[-1],  # Remove intercept term
           y = coef(final_model))[-1])) +
  geom_pointrange(aes(ymin = confint(final_model)[-1,1],
                  ymax = confint(final_model)[-1,2])) +
  geom_hline(yintercept = 0, linetype = "dashed", color = "red") +
  labs(x = "Predictors", y = "Standardized Beta Coefficient",
       title = "Predictors of Critical Thinking Improvement") +
  coord_flip() +
  theme_minimal()

# 8. LASSO variable selection (10 fold cross validation)
x <- model.matrix(delta_CTDI ~ ., data[, c("delta_CTDI", predictors)])[,-1]
y <- data$delta_CTDI

set.seed(123)
cv.lasso <- cv.glmnet(x, y, alpha = 1, nfolds = 10)
plot(cv.lasso) # Visualization lambda select

# Extract filtered variables
coef(cv.lasso, s = "lambda.min")
selected_vars <- rownames(coef(cv.lasso))[which(coef(cv.lasso) != 0)][-1]



# Machine learning modeling（Python）
import numpy as np
import pandas as pd
from sklearn.preprocessing import MinMaxScaler
from sklearn.model_selection import train_test_split, KFold, cross_val_predict
from imblearn.over_sampling import SMOTE
from sklearn.linear_model import LogisticRegression
from xgboost import XGBClassifier
from lightgbm import LGBMClassifier
from sklearn.ensemble import RandomForestClassifier, AdaBoostClassifier
from sklearn.naive_bayes import GaussianNB
from sklearn.svm import SVC
from sklearn.neural_network import MLPClassifier
from sklearn.neighbors import KNeighborsClassifier
from sklearn.metrics import roc_auc_score, precision_recall_curve, average_precision_score
from sklearn.calibration import calibration_curve
import matplotlib.pyplot as plt

# 1. Data loading and preprocessing
data = pd.read_csv("clinical_data_anon.csv")
X = data.drop(['improvement_status', 'patient_id'], axis=1)  
y = data['improvement_status']  

# 2. MinMaxScaler
scaler = MinMaxScaler()
X_scaled = scaler.fit_transform(X)

# 3. Training test set segmentation (7:3)
X_train, X_test, y_train, y_test = train_test_split(X_scaled, y, test_size=0.3, 
                                                   stratify=y, random_state=42)

# 4. Category balance (SMOTE)
sm = SMOTE(random_state=42)
X_res, y_res = sm.fit_resample(X_train, y_train)
print(f"Class distribution after SMOTE: {np.bincount(y_res)}")

# 5. Initialize all models
models = {
    "Logistic Regression": LogisticRegression(max_iter=1000),
    "XGBoost": XGBClassifier(use_label_encoder=False, eval_metric='logloss'),
    "LightGBM": LGBMClassifier(),
    "Random Forest": RandomForestClassifier(max_depth=3),
    "AdaBoost": AdaBoostClassifier(),
    "GNB": GaussianNB(),
    "SVM": SVC(probability=True),
    "MLP": MLPClassifier(hidden_layer_sizes=(50,)),
    "KNN": KNeighborsClassifier()
}

# 6. Model Training and Cross Validation (5折)
results = {}
kf = KFold(n_splits=5, shuffle=True, random_state=42)

for name, model in models.items():
    # Cross validation prediction
    y_pred = cross_val_predict(model, X_res, y_res, cv=kf, method='predict_proba')[:,1]
    auc = roc_auc_score(y_res, y_pred)
    
# Train the final model
    model.fit(X_res, y_res)
    test_pred = model.predict_proba(X_test)[:,1]
    test_auc = roc_auc_score(y_test, test_pred)
    
    results[name] = {
        'CV_AUC': auc,
        'Test_AUC': test_auc,
        'model': model
    }
    print(f"{name:20} | CV AUC: {auc:.3f} | Test AUC: {test_auc:.3f}")

# 7. Visualization of Model Evaluation
def plot_metrics(models_dict):
    plt.figure(figsize=(12, 6))
    
    # AUC compare
    plt.subplot(121)
    pd.DataFrame({k: [v['CV_AUC'], v['Test_AUC']] for k,v in models_dict.items()}, 
                 index=['CV', 'Test']).T.plot(kind='bar', ax=plt.gca())
    plt.title('Model AUC Comparison')
    plt.ylabel('AUC')
    plt.xticks(rotation=45)
    
    # calibration curve
    plt.subplot(122)
    for name, res in models_dict.items():
        prob_true, prob_pred = calibration_curve(y_test, res['model'].predict_proba(X_test)[:,1], n_bins=10)
        plt.plot(prob_pred, prob_true, marker='o', label=name)
    plt.plot([0, 1], [0, 1], linestyle='--')
    plt.title('Calibration Curves')
    plt.xlabel('Predicted Probability')
    plt.ylabel('True Probability')
    plt.legend()
    
    plt.tight_layout()
    plt.savefig('model_performance.png')

plot_metrics(results)

# 8. Optimal Model Selection (Combining AUC and Calibration)
best_model = max(results.items(), key=lambda x: x[1]['Test_AUC'])
print(f"\nBest Model: {best_model[0]} (Test AUC: {best_model[1]['Test_AUC']:.3f})")



#Optimal Random Forest Parameters (Based on Previous Optimization Results)
X_train, X_temp, y_train, y_temp = train_test_split(
    X_scaled, y, test_size=0.4, stratify=y, random_state=42
)
#1.  Further divided into verification and testing (each accounting for 20%)
X_val, X_test, y_val, y_test = train_test_split(
    X_temp, y_temp, test_size=0.5, stratify=y_temp, random_state=42
)

print(f"Train: {len(y_train)}, Val: {len(y_val)}, Test: {len(y_test)}")

#2.  Optimal Random Forest Model
best_rf = RandomForestClassifier(
    n_estimators=200,
    max_depth=4,
    min_samples_split=5,
    min_samples_leaf=2,
    class_weight='balanced',
    random_state=42
)

# 3. fold cross validation
kf = KFold(n_splits=5, shuffle=True, random_state=42)
y_cv_probas = cross_val_predict(
    best_rf, X_res, y_res, cv=kf, 
    method='predict_proba', n_jobs=-1
)[:, 1]

#4. Cross validation indicators
cv_auc = roc_auc_score(y_res, y_cv_probas)
cv_ap = average_precision_score(y_res, y_cv_probas)
print(f"10-Fold CV Metrics - AUC: {cv_auc:.3f}, AP: {cv_ap:.3f}")

# 5. Train the final model
best_rf.fit(X_res, y_res)

# 6. Validation set and test set evaluation
for set_name, X, y in [("Validation", X_val, y_val), ("Test", X_test, y_test)]:
    probas = best_rf.predict_proba(X)[:, 1]
    auc = roc_auc_score(y, probas)
    ap = average_precision_score(y, probas)
    print(f"\n{set_name} Set Performance:")
    print(f"AUC: {auc:.3f} | AP: {ap:.3f}")
    print(classification_report(y, best_rf.predict(X)))

#7. calibration curve
def plot_calibration(y_true, probas, set_name):
    prob_true, prob_pred = calibration_curve(y_true, probas, n_bins=10)
    
    plt.figure(figsize=(8, 6))
    plt.plot(prob_pred, prob_true, marker='o', label=f'{set_name} set')
    plt.plot([0, 1], [0, 1], 'k--', label='Perfect calibration')
    plt.title(f'Calibration Curve ({set_name})', pad=20)
    plt.xlabel('Mean predicted probability')
    plt.ylabel('Fraction of positives')
    plt.legend()
    plt.grid(alpha=0.3)
    plt.show()

plot_calibration(y_res, y_cv_probas, "Training (CV)")
plot_calibration(y_val, best_rf.predict_proba(X_val)[:, 1], "Validation")
plot_calibration(y_test, best_rf.predict_proba(X_test)[:, 1], "Test")

# 8.learning curve
def plot_learning_curve():
    train_sizes, train_scores, val_scores = learning_curve(
        best_rf, X_res, y_res, cv=kf, scoring='roc_auc',
        train_sizes=np.linspace(0.1, 1.0, 10), n_jobs=-1
    )
    
    plt.figure(figsize=(8, 6))
    plt.plot(train_sizes, np.mean(train_scores, 1), 'o-', label='Training score')
    plt.plot(train_sizes, np.mean(val_scores, 1), 'o-', label='CV score')
    plt.title('Learning Curve (AUC)')
    plt.xlabel('Training examples')
    plt.ylabel('AUC score')
    plt.legend()
    plt.grid(alpha=0.3)
    plt.show()

plot_learning_curve()

# 9. Decision curve analysis (to be completed in R, where the predicted probability is output)
pd.DataFrame({
    'truth_seeking': X_test[:, 0],  # Assuming the first feature is truth_seeking
    'cognitive_maturity': X_test[:, 1],  # The second feature
    'pred_prob': best_rf.predict_proba(X_test)[:, 1],
    'true_status': y_test
}).to_csv('dca_input_data.csv', index=False)
