1 Full mathematical formulation of the LIME optimization equation
Additionally, this study employed the LIME and the SHAP techniques to evaluate the influence of individual variables on the model’s predictive accuracy at locally (LIME) and globally (SHAP) levels. Both LIME and SHAP provided further insights into the performance of the optimal predictive model.
LIME is a model-agnostic technique used to interpret and analyze the relationships between input parameters and model outputs (15). The constraint of LIME is defined mathematically as follows: 
              
where LIMEexplanation(x) is the LIME explanation for an instance (x). f is the Global model (Gradient boosting decision tree in this study). f is the ℝdℝ.g is the Local surrogate model. G is the family or array of possible explanations. That is, a category of models that could potentially be interpreted. g ∈ G is the An explanation considered as a model. L is the Loss measures the closeness of the explanation to the prediction of the global/original model. (z) is the Proximity measure of an instance z from x. Proximity is defined as the size of the neighborhood around instance (x) determined by exponential smoothing kernel.  A measure of the complexity of the explanation g ∈ G. Model complexity, such as the number of input features, should be minimized.
According to the constraint formula, the operational principle of LIME involves minimizing the loss function (L) without assuming any specifics details about the global model f, consistent with its model-agnostic nature. The loss (L) quantifies the discrepancy of the local surrogate model (g) in representing the global model (f) within the region specified by π(x).
2 Complete theoretical derivations and equations for SHAP values
SHAP employs principles from cooperative game theory to provide local explanations of model outputs by assigning attribution values (SHAP values) to each variable (15). These values quantify the contribution of each feature to the model’s prediction accuracy. A SHAP summary plot was generated to visually the impact of each feature on the predictive model (20). Furthermore, SHAP dependence plots were employed to examine interactions among features.
The SHAP technique generates Shapley values that portray model predictions through linear combinations of binary variables showing the presence or absence of each covariate in the model (21). Conceptually, it approximates each prediction f(x) using g (x ʹ), where g is a linear function of the binary variables ʹ∈ {0|, |1}M). This method is typically applied in classification problems, with the quantities ∅i ∈ ℝ being defined by the additive feature attribution techniques specified in equation (1) (22).

To offer a meaningful explanation for an individual prediction, the additive feature attribution method must observe the fundamental properties of local accuracy, missingness, and consistency. Thus, the additive method that meets these criteria is explicitly defined by equation (2).

In the context of explaining the original prediction model  using the explanation model g,  denotes the available variables, and ’ represents the selected variables. M stands for the number of simplified input features. The term  signifies the deviation of the Shapley values from their mean, indicating the contribution of the i-th variable to each individual prediction.
The SHAP technique utilizes Shapley values to provide a local approximation of the original model, ensuring local accuracy by setting a variable's Shapley value to zero when the variable is absent. Moreover, it maintains consistency by adjusting the Shapley value of a variable based on its contribution to another model
3 R code used for LASSO regression, Boruta feature selection, model training, hyperparameter tuning, SHAP analysis, and LIME explanations
# 1. 加载必要的包
# -----------------------------------------------------------------------------
library(readr)
library(survey)
library(dplyr)
library(tidyr)
library(ggplot2)
library(officer)
library(flextable)
library(patchwork)
library(scales)
library(gridExtra)
library(rms)
library(jomo)
# 设置科研图表主题
theme_scientific <- theme_bw() +
  theme(
    panel.grid.major = element_line(color = "gray90", size = 0.3),
    panel.grid.minor = element_blank(),
    axis.text = element_text(size = 10, color = "black"),
    axis.title = element_text(size = 11, face = "bold"),
    legend.position = "bottom",
    legend.text = element_text(size = 9),
    legend.title = element_text(size = 10, face = "bold"),
    plot.title = element_text(size = 12, face = "bold", hjust = 0.5),
    strip.background = element_rect(fill = "gray95"),
    strip.text = element_text(size = 10, face = "bold")
  )

# 2. 读取数据
# -----------------------------------------------------------------------------
data <- read_csv("清洗数据.csv", show_col_types = FALSE)

cat("数据维度:", dim(data), "\n")
cat("CMM分布:", table(data$CMM), "\n")

# 3. 数据预处理 - 转换为因子变量
# -----------------------------------------------------------------------------
data <- data %>%
  mutate(
    # 人口学变量
    gender = factor(gender, levels = 1:2, labels = c("Male", "Female")),
    race = factor(race, levels = 1:5, 
                  labels = c("Mexican American", "Other Hispanic", 
                             "Non-Hispanic White", "Non-Hispanic Black", "Other")),
    education = factor(education, levels = 1:5,
                       labels = c("Less than 9th", "9-11th", "High school",
                                  "Some college", "College graduate")),
    marital = factor(marital, levels = 1:6,
                     labels = c("Married", "Widowed", "Divorced", 
                                "Separated", "Never married", "Living with partner")),
    
    # 健康行为变量
    smoke = factor(smoke, levels = 1:2, labels = c("Yes", "No")),
    alcohol = factor(alcohol, levels = 1:2, labels = c("Yes", "No")),
    hyperlipidemia = factor(hyperlipidemia, levels = 1:2, labels = c("Yes", "No")),
    cancer = factor(cancer, levels = 1:2, labels = c("Yes", "No")),
    
    # 分组变量
    age.group = factor(age.group, levels = 1:3, 
                       labels = c("<40 years", "40-60 years", ">60 years")),
    PIR.group = factor(PIR.group, levels = 1:3,
                       labels = c("≤1.3", "1.3-3.5", ">3.5")),
    BMI.group = factor(BMI.group, levels = 1:3,
                       labels = c("<25", "25-30", ">30")),
    
    # 结局变量
    CMM = factor(CMM, levels = 0:1, labels = c("No CMM", "CMM"))
  )

# 单独处理TMET四分位数
tmet_quantiles <- quantile(data$TMET_h1, probs = c(0, 0.25, 0.5, 0.75, 1), na.rm = TRUE)
tmet_breaks <- unique(tmet_quantiles)

if(length(tmet_breaks) < 5) {
  data <- data %>%
    mutate(
      TMET_quartile = case_when(
        TMET_h1 == 0 ~ "Q1 (Lowest)",
        TMET_h1 > 0 & TMET_h1 <= median(TMET_h1[TMET_h1 > 0], na.rm = TRUE) ~ "Q2",
        TMET_h1 > median(TMET_h1[TMET_h1 > 0], na.rm = TRUE) & 
          TMET_h1 <= quantile(TMET_h1, 0.75, na.rm = TRUE) ~ "Q3",
        TMET_h1 > quantile(TMET_h1, 0.75, na.rm = TRUE) ~ "Q4 (Highest)",
        TRUE ~ NA_character_
      ),
      TMET_quartile = factor(TMET_quartile, 
                             levels = c("Q1 (Lowest)", "Q2", "Q3", "Q4 (Highest)"))
    )
} else {
  data <- data %>%
    mutate(
      TMET_quartile = cut(TMET_h1, 
                          breaks = tmet_breaks,
                          include.lowest = TRUE,
                          labels = c("Q1 (Lowest)", "Q2", "Q3", "Q4 (Highest)"))
    )
}

# 单独处理Sitting Time四分位数
sitting_quantiles <- quantile(data$Sitting_time_h, probs = c(0, 0.25, 0.5, 0.75, 1), na.rm = TRUE)
sitting_breaks <- unique(sitting_quantiles)

if(length(sitting_breaks) < 5) {
  data <- data %>%
    mutate(
      Sitting_quartile = case_when(
        Sitting_time_h <= quantile(Sitting_time_h, 0.25, na.rm = TRUE) ~ "Q1 (Lowest)",
        Sitting_time_h > quantile(Sitting_time_h, 0.25, na.rm = TRUE) & 
          Sitting_time_h <= median(Sitting_time_h, na.rm = TRUE) ~ "Q2",
        Sitting_time_h > median(Sitting_time_h, na.rm = TRUE) & 
          Sitting_time_h <= quantile(Sitting_time_h, 0.75, na.rm = TRUE) ~ "Q3",
        Sitting_time_h > quantile(Sitting_time_h, 0.75, na.rm = TRUE) ~ "Q4 (Highest)",
        TRUE ~ NA_character_
      ),
      Sitting_quartile = factor(Sitting_quartile, 
                                levels = c("Q1 (Lowest)", "Q2", "Q3", "Q4 (Highest)"))
    )
} else {
  data <- data %>%
    mutate(
      Sitting_quartile = cut(Sitting_time_h,
                             breaks = sitting_breaks,
                             include.lowest = TRUE,
                             labels = c("Q1 (Lowest)", "Q2", "Q3", "Q4 (Highest)"))
    )
}

cat("\nTMET四分位数分布:\n")
print(table(data$TMET_quartile, useNA = "ifany"))

cat("\nSitting Time四分位数分布:\n")
print(table(data$Sitting_quartile, useNA = "ifany"))

# 4. 创建NHANES复杂抽样设计对象 (关键步骤！)
# -----------------------------------------------------------------------------
design <- svydesign(
  ids = ~SDMVPSU,
  strata = ~SDMVSTRA,
  weights = ~weight.new,
  nest = TRUE,
  data = data
)

cat("\n复杂抽样设计对象创建成功!\n")
print(design)

# =============================================================================
# 表1: 加权基线特征表 (Weighted Baseline Characteristics)
# =============================================================================

# 连续变量的加权均值和标准误
continuous_vars <- c("age", "BMI", "PIR", "TMET_h1", "Sitting_time_h")

table1_continuous <- lapply(continuous_vars, function(var) {
  # 总体统计
  total_mean <- svymean(as.formula(paste0("~", var)), design, na.rm = TRUE)
  
  # 按CMM分组统计
  by_cmm <- svyby(as.formula(paste0("~", var)), ~CMM, design, svymean, na.rm = TRUE)
  
  # t检验
  formula_test <- as.formula(paste0(var, "~ CMM"))
  test_result <- svyttest(formula_test, design)
  
  # 返回数据框
  data.frame(
    Variable = var,
    Total_Mean = as.numeric(coef(total_mean)),
    Total_SE = as.numeric(SE(total_mean)),
    No_CMM_Mean = as.numeric(by_cmm[1, 2]),
    No_CMM_SE = as.numeric(by_cmm[1, 3]),
    CMM_Mean = as.numeric(by_cmm[2, 2]),
    CMM_SE = as.numeric(by_cmm[2, 3]),
    P_value = test_result$p.value
  )
}) %>% bind_rows()

# 分类变量的加权频数和百分比
categorical_vars <- c("gender", "race", "education", "marital", 
                      "smoke", "alcohol", "hyperlipidemia", "cancer",
                      "age.group", "PIR.group", "BMI.group",
                      "TMET_quartile", "Sitting_quartile")

table1_categorical <- lapply(categorical_vars, function(var) {
  # 总体分布
  total_prop <- svytable(as.formula(paste0("~", var)), design)
  total_pct <- prop.table(total_prop) * 100
  
  # 按CMM分组
  by_cmm <- svytable(as.formula(paste0("~", var, "+ CMM")), design)
  by_cmm_pct <- prop.table(by_cmm, margin = 2) * 100
  
  # 卡方检验
  chisq_test <- svychisq(as.formula(paste0("~", var, "+ CMM")), design)
  
  # 组织结果
  levels_var <- levels(data[[var]])
  results <- lapply(seq_along(levels_var), function(i) {
    data.frame(
      Variable = var,
      Level = levels_var[i],
      Total_N = total_prop[i],
      Total_Pct = total_pct[i],
      No_CMM_N = by_cmm[i, 1],
      No_CMM_Pct = by_cmm_pct[i, 1],
      CMM_N = by_cmm[i, 2],
      CMM_Pct = by_cmm_pct[i, 2],
      P_value = ifelse(i == 1, chisq_test$p.value, NA)
    )
  }) %>% bind_rows()
  
  return(results)
}) %>% bind_rows()

# 格式化表1 - 连续变量（修正版）
table1_continuous_fmt <- data.frame(
  Variable = table1_continuous$Variable,
  Total = sprintf("%.2f ± %.2f", table1_continuous$Total_Mean, table1_continuous$Total_SE),
  No_CMM = sprintf("%.2f ± %.2f", table1_continuous$No_CMM_Mean, table1_continuous$No_CMM_SE),
  CMM = sprintf("%.2f ± %.2f", table1_continuous$CMM_Mean, table1_continuous$CMM_SE),
  P_value = format.pval(table1_continuous$P_value, digits = 3, eps = 0.001)
)

# 格式化表1 - 分类变量
table1_categorical_fmt <- data.frame(
  Variable = table1_categorical$Variable,
  Level = table1_categorical$Level,
  Total = sprintf("%.0f (%.1f%%)", table1_categorical$Total_N, table1_categorical$Total_Pct),
  No_CMM = sprintf("%.0f (%.1f%%)", table1_categorical$No_CMM_N, table1_categorical$No_CMM_Pct),
  CMM = sprintf("%.0f (%.1f%%)", table1_categorical$CMM_N, table1_categorical$CMM_Pct),
  P_value = ifelse(!is.na(table1_categorical$P_value), 
                   format.pval(table1_categorical$P_value, digits = 3, eps = 0.001), 
                   "")
)

cat("\n表1创建完成!\n")

# 查看结果
cat("\n连续变量表1预览:\n")
print(table1_continuous_fmt)

cat("\n分类变量表1预览（前20行）:\n")
print(head(table1_categorical_fmt, 20))

# =============================================================================
# 创建Word文档输出
# =============================================================================

# 创建Word文档
doc <- read_docx()

# 添加标题
doc <- doc %>%
  body_add_par("Table 1. Weighted Baseline Characteristics by CMM Status", 
               style = "heading 1")

# 添加连续变量表
doc <- doc %>%
  body_add_par("Continuous Variables", style = "heading 2")

ft_continuous <- flextable(table1_continuous_fmt) %>%
  set_header_labels(
    Variable = "Variable",
    Total = "Total",
    No_CMM = "No CMM",
    CMM = "CMM",
    P_value = "P-value"
  ) %>%
  theme_box() %>%
  autofit() %>%
  align(align = "center", part = "all") %>%
  align(j = 1, align = "left", part = "body") %>%
  bold(part = "header") %>%
  fontsize(size = 10, part = "all")

doc <- doc %>% body_add_flextable(ft_continuous)

# 添加分类变量表
doc <- doc %>%
  body_add_par("Categorical Variables", style = "heading 2")

ft_categorical <- flextable(table1_categorical_fmt) %>%
  set_header_labels(
    Variable = "Variable",
    Level = "Level",
    Total = "Total",
    No_CMM = "No CMM",
    CMM = "CMM",
    P_value = "P-value"
  ) %>%
  theme_box() %>%
  autofit() %>%
  align(align = "center", part = "all") %>%
  align(j = 1:2, align = "left", part = "body") %>%
  bold(part = "header") %>%
  fontsize(size = 10, part = "all") %>%
  merge_v(j = 1) %>%
  merge_v(j = 6)

doc <- doc %>% body_add_flextable(ft_categorical)

# 保存文档
print(doc, target = "Table1_Weighted_Baseline_Characteristics.docx")
cat("\nWord文档已保存: Table1_Weighted_Baseline_Characteristics.docx\n")

# =============================================================================
# 表2: 加权Logistic回归分析
# =============================================================================

cat("\n开始加权Logistic回归分析...\n")

# 1. 模型 1: Unadjusted
model1 <- svyglm(CMM ~ TMET_quartile, design = design, family = quasibinomial())

# 2. 模型 2: Adjusted for demographics
model2 <- svyglm(CMM ~ TMET_quartile + gender + age + race + education + marital, 
                 design = design, family = quasibinomial())

# 3. 模型 3: Fully adjusted
model3 <- svyglm(CMM ~ TMET_quartile + gender + age + race + education + marital + 
                   smoke + alcohol + BMI + PIR + hyperlipidemia + cancer, 
                 design = design, family = quasibinomial())

cat("Logistic回归模型拟合完成!\n")

# 提取结果的函数
extract_results <- function(model, var_names) {
  # 获取系数和标准误
  coef_summary <- summary(model)$coefficients
  
  # 计算OR和95%CI
  results <- data.frame(
    Variable = rownames(coef_summary),
    Coefficient = coef_summary[, 1],
    SE = coef_summary[, 2],
    OR = exp(coef_summary[, 1]),
    CI_lower = exp(coef_summary[, 1] - 1.96 * coef_summary[, 2]),
    CI_upper = exp(coef_summary[, 1] + 1.96 * coef_summary[, 2]),
    P_value = coef_summary[, 4]
  )
  
  # 过滤感兴趣的变量
  if (!missing(var_names)) {
    results <- results[grepl(paste(var_names, collapse = "|"), results$Variable), ]
  }
  
  return(results)
}

# 提取 Model 2 和 Model 3 的结果
results_model2 <- extract_results(model2, "TMET_quartile")
results_model2$Model <- "Model 2 (TMET + Demographics)"

results_model3 <- extract_results(model3, "TMET_quartile")
results_model3$Model <- "Model 3 (Full Model)"

# 合并结果
all_results <- bind_rows(results_model2, results_model3)

# 格式化结果表
table2_fmt <- all_results %>%
  mutate(
    OR_CI = sprintf("%.2f (%.2f-%.2f)", OR, CI_lower, CI_upper),
    P_value = format.pval(P_value, digits = 3, eps = 0.001)
  ) %>%
  select(Model, Variable, OR_CI, P_value)

cat("\n表2 Logistic回归结果预览:\n")
print(table2_fmt)

# 创建表2的Word文档
doc2 <- read_docx()

doc2 <- doc2 %>%
  body_add_par("Table 2. Weighted Logistic Regression Analysis for CMM", 
               style = "heading 1")

ft_table2 <- flextable(table2_fmt) %>%
  set_header_labels(
    Model = "Model",
    Variable = "Variable",
    OR_CI = "OR (95% CI)",
    P_value = "P-value"
  ) %>%
  theme_box() %>%
  autofit() %>%
  align(align = "center", part = "all") %>%
  align(j = 1:2, align = "left", part = "body") %>%
  bold(part = "header") %>%
  fontsize(size = 10, part = "all") %>%
  merge_v(j = 1)

doc2 <- doc2 %>% body_add_flextable(ft_table2)

print(doc2, target = "Table2_Weighted_Logistic_Regression.docx")
cat("\nWord文档已保存: Table2_Weighted_Logistic_Regression.docx\n")

# =============================================================================
# NHANES机器学习分析 - LASSO变量筛选、模型构建与解释
# =============================================================================

library(readr)
library(dplyr)
library(tidyr)
library(ggplot2)
library(officer)
library(flextable)
library(patchwork)
library(gridExtra)

# 机器学习相关包
library(caret)
library(glmnet)
library(randomForest)
library(xgboost)
library(gbm)
library(e1071)
library(rpart)
library(MASS)
library(lightgbm)
library(catboost)

# 模型解释包
library(DALEX)
library(iml)
library(shapr)
library(lime)

# Boruta算法
library(Boruta)

# RMS包用于RCS
library(rms)

# 缺失值插补
library(jomo)

set.seed(123)

# 读取数据
data <- read_csv("清洗数据.csv", show_col_types = FALSE)

cat("原始数据维度:", dim(data), "\n")
cat("CMM分布:", table(data$CMM), "\n")

# =============================================================================
# 数据预处理
# =============================================================================

# 选择用于建模的变量
modeling_vars <- c(
  # 人口学变量
  "gender", "age", "race", "education", "marital",
  # 社会经济
  "PIR",
  # 健康指标
  "BMI", "smoke", "alcohol", "hyperlipidemia", "cancer",
  # 体力活动相关
  "VWPA_h1", "MWPA_h1", "TPA_h1", "VRPA_h1", "MRPA_h1", "TMET_h1",
  # 久坐时间
  "Sitting_time_h",
  # 结局变量
  "CMM"
)

ml_data <- data %>%
  dplyr::select(all_of(modeling_vars))

# =============================================================================
# 缺失值插补 (使用jomo包)
# =============================================================================

cat("\n=== 开始缺失值插补 ===\n")
cat("插补前缺失值统计:\n")
print(colSums(is.na(ml_data)))

# 准备数据：将分类变量转为数值
ml_data_num <- ml_data
categorical_vars <- c("gender", "race", "education", "marital", "smoke", "alcohol", "hyperlipidemia", "cancer", "CMM")
continuous_vars <- setdiff(names(ml_data), categorical_vars)

# 将分类变量转为数值以便jomo处理
for(var in categorical_vars) {
  ml_data_num[[var]] <- as.numeric(factor(ml_data[[var]]))
}

# 使用jomo进行多重插补
set.seed(123)

# 分离连续变量和分类变量
Y <- as.matrix(ml_data_num[, continuous_vars])
X <- as.matrix(ml_data_num[, categorical_vars])

# jomo插补
imputed_result <- jomo(
  Y = Y,
  X = X,
  nburn = 500,
  nbetween = 500,
  nimp = 5
)

# 提取第一个插补数据集
imputed_data <- imputed_result[imputed_result$Imputation == 1, ]
imputed_data <- imputed_data[, -c(1, 2)]  # 移除Imputation和clus列

# 重新组合数据
ml_data <- ml_data
ml_data[, continuous_vars] <- imputed_data[, continuous_vars]
ml_data[, categorical_vars] <- imputed_data[, categorical_vars]

cat("\n插补后缺失值统计:\n")
print(colSums(is.na(ml_data)))

# =============================================================================
# 体力活动变量除以10 (按照文献方法)
# =============================================================================

cat("\n=== 体力活动变量标准化 (除以10) ===\n")
pa_vars <- c("VWPA_h1", "MWPA_h1", "TPA_h1", "VRPA_h1", "MRPA_h1", "TMET_h1")

for(var in pa_vars) {
  ml_data[[var]] <- ml_data[[var]] / 10
  cat(var, "已除以10\n")
}

# 转换因子变量
ml_data <- ml_data %>%
  mutate(
    gender = factor(gender, levels = 1:2, labels = c("Male", "Female")),
    race = factor(race, levels = 1:5),
    education = factor(education, levels = 1:5),
    marital = factor(marital, levels = 1:6),
    smoke = factor(smoke, levels = 1:2),
    alcohol = factor(alcohol, levels = 1:2),
    hyperlipidemia = factor(hyperlipidemia, levels = 1:2),
    cancer = factor(cancer, levels = 1:2),
    CMM = factor(CMM, levels = 0:1, labels = c("No", "Yes"))
  )

cat("\n建模数据维度:", dim(ml_data), "\n")

# =============================================================================
# 数据分割: 训练集70% vs 测试集30%
# =============================================================================

set.seed(123)
train_index <- createDataPartition(ml_data$CMM, p = 0.7, list = FALSE)
train_data <- ml_data[train_index, ]
test_data <- ml_data[-train_index, ]

cat("\n训练集样本量:", nrow(train_data), "\n")
cat("测试集样本量:", nrow(test_data), "\n")
cat("训练集CMM分布:", table(train_data$CMM), "\n")
cat("测试集CMM分布:", table(test_data$CMM), "\n")

# =============================================================================
# 特征工程: One-hot编码
# =============================================================================

# 创建one-hot编码的设计矩阵
dmy_train <- dummyVars(" ~ .", data = train_data[, -ncol(train_data)])
train_matrix <- predict(dmy_train, newdata = train_data[, -ncol(train_data)])
train_matrix <- as.data.frame(train_matrix)
train_matrix$CMM <- train_data$CMM

dmy_test <- dummyVars(" ~ .", data = test_data[, -ncol(test_data)])
test_matrix <- predict(dmy_test, newdata = test_data[, -ncol(test_data)])
test_matrix <- as.data.frame(test_matrix)
test_matrix$CMM <- test_data$CMM

cat("\nOne-hot编码后特征数:", ncol(train_matrix) - 1, "\n")

# =============================================================================
# 变量筛选1: LASSO回归 (1000次重复10折交叉验证)
# =============================================================================

cat("\n=== 开始LASSO变量筛选 (1000次重复10折CV) ===\n")

# 准备数据
x_train <- as.matrix(train_matrix[, -ncol(train_matrix)])
y_train <- as.numeric(train_matrix$CMM) - 1

# 存储1000次重复的结果
lasso_selected_vars_list <- list()

set.seed(123)
for(i in 1:1000) {
  if(i %% 100 == 0) cat("完成", i, "次重复\n")
  
  # LASSO with 10-fold CV
  cv_lasso <- cv.glmnet(
    x = x_train,
    y = y_train,
    family = "binomial",
    alpha = 1,
    nfolds = 10,
    type.measure = "auc"
  )
  
  # 获取最优lambda
  best_lambda <- cv_lasso$lambda.min
  
  # 拟合LASSO模型
  lasso_model <- glmnet(x_train, y_train, family = "binomial", alpha = 1, lambda = best_lambda)
  
  # 提取非零系数变量
  lasso_coef <- coef(lasso_model, s = best_lambda)
  lasso_vars <- rownames(lasso_coef)[which(lasso_coef != 0)]
  lasso_vars <- lasso_vars[lasso_vars != "(Intercept)"]
  
  lasso_selected_vars_list[[i]] <- lasso_vars
}

# 统计每个变量被选中的次数
all_vars <- unique(unlist(lasso_selected_vars_list))
var_frequency <- sapply(all_vars, function(v) {
  sum(sapply(lasso_selected_vars_list, function(x) v %in% x))
})

# 选择被选中超过500次的变量 (超过50%)
lasso_final_vars <- names(var_frequency[var_frequency > 500])

cat("\nLASSO最终筛选出", length(lasso_final_vars), "个变量 (选中频率>50%)\n")
cat("LASSO变量:", paste(lasso_final_vars, collapse = ", "), "\n")

# =============================================================================
# 变量筛选2: Boruta算法
# =============================================================================

cat("\n=== 开始Boruta变量筛选 ===\n")

set.seed(123)
boruta_result <- Boruta(
  CMM ~ .,
  data = train_matrix,
  doTrace = 0,
  maxRuns = 500
)

# 获取确定重要的变量
boruta_vars <- names(boruta_result$finalDecision[boruta_result$finalDecision == "Confirmed"])

cat("Boruta筛选出", length(boruta_vars), "个变量\n")
cat("Boruta变量:", paste(boruta_vars, collapse = ", "), "\n")

# =============================================================================
# 取LASSO和Boruta的交集
# =============================================================================

cat("\n=== 计算LASSO和Boruta的交集 ===\n")

selected_vars <- intersect(lasso_final_vars, boruta_vars)

cat("交集变量数:", length(selected_vars), "\n")
cat("最终筛选变量:", paste(selected_vars, collapse = ", "), "\n")

# 如果交集为空，则使用LASSO结果
if(length(selected_vars) == 0) {
  cat("\n警告: 交集为空，使用LASSO结果\n")
  selected_vars <- lasso_final_vars
}

# 准备最终建模数据
final_train <- train_matrix[, c(selected_vars, "CMM")]
final_test <- test_matrix[, c(selected_vars, "CMM")]

# =============================================================================
# 机器学习模型训练 (12种算法)
# =============================================================================

cat("\n=== 开始训练12种机器学习模型 ===\n")

# 设置交叉验证参数
train_control <- trainControl(
  method = "cv",
  number = 5,
  classProbs = TRUE,
  summaryFunction = twoClassSummary,
  verboseIter = FALSE,
  savePredictions = "final"
)

# 存储模型结果
model_list <- list()
model_results <- data.frame(
  Model = character(),
  AUC_Train = numeric(),
  AUC_Test = numeric(),
  Accuracy = numeric(),
  Sensitivity = numeric(),
  Specificity = numeric(),
  stringsAsFactors = FALSE
)

# 1. Logistic Regression
cat("训练模型 1/12: Logistic Regression\n")
set.seed(123)
model_lr <- train(
  CMM ~ .,
  data = final_train,
  method = "glm",
  family = "binomial",
  trControl = train_control,
  metric = "ROC"
)
model_list[["LR"]] <- model_lr

# 2. Random Forest
cat("训练模型 2/12: Random Forest\n")
set.seed(123)
model_rf <- train(
  CMM ~ .,
  data = final_train,
  method = "rf",
  trControl = train_control,
  metric = "ROC",
  tuneGrid = expand.grid(mtry = c(3, 5, 7)),
  ntree = 100
)
model_list[["RF"]] <- model_rf

# 3. Gradient Boosting (GBM)
cat("训练模型 3/12: Gradient Boosting\n")
set.seed(123)
model_gbm <- train(
  CMM ~ .,
  data = final_train,
  method = "gbm",
  trControl = train_control,
  metric = "ROC",
  verbose = FALSE,
  tuneGrid = expand.grid(
    n.trees = c(100, 150),
    interaction.depth = c(3, 5),
    shrinkage = 0.1,
    n.minobsinnode = 10
  )
)
model_list[["GBM"]] <- model_gbm

# 4. XGBoost
cat("训练模型 4/12: XGBoost\n")
set.seed(123)
xgb_train <- xgb.DMatrix(
  data = as.matrix(final_train[, -ncol(final_train)]),
  label = as.numeric(final_train$CMM) - 1
)

xgb_params <- list(
  objective = "binary:logistic",
  eval_metric = "auc",
  max_depth = 5,
  eta = 0.1,
  subsample = 0.8,
  colsample_bytree = 0.8
)

model_xgb_direct <- xgb.train(
  params = xgb_params,
  data = xgb_train,
  nrounds = 100,
  verbose = 0
)
model_list[["XGBoost"]] <- model_xgb_direct

library(kernlab)

# 5. Support Vector Machine (SVM)
cat("训练模型 5/12: SVM\n")
set.seed(123)
model_svm <- ksvm(
  CMM ~ .,
  data = final_train,
  kernel = "rbfdot",
  kpar = list(sigma = 0.05),
  C = 1,
  prob.model = TRUE,
  tol = 1e-4
)
model_list[["SVM"]] <- model_svm

# 6. K-Nearest Neighbors
cat("训练模型 6/12: KNN\n")
set.seed(123)
model_knn <- train(
  CMM ~ .,
  data = final_train,
  method = "knn",
  trControl = train_control,
  metric = "ROC",
  preProcess = c("center", "scale"),
  tuneGrid = expand.grid(k = c(5, 7, 9, 11))
)
model_list[["KNN"]] <- model_knn

# 7. Decision Tree
cat("训练模型 7/12: Decision Tree\n")
set.seed(123)
model_dt <- train(
  CMM ~ .,
  data = final_train,
  method = "rpart",
  trControl = train_control,
  metric = "ROC",
  tuneGrid = expand.grid(cp = c(0.001, 0.01, 0.05))
)
model_list[["DT"]] <- model_dt

# 8. LightGBM
cat("训练模型 8/12: LightGBM\n")
set.seed(123)

# 准备LightGBM数据格式
lgb_train_data <- lgb.Dataset(
  data = as.matrix(final_train[, -ncol(final_train)]),
  label = as.numeric(final_train$CMM) - 1
)

# LightGBM参数
lgb_params <- list(
  objective = "binary",
  metric = "auc",
  num_leaves = 31,
  learning_rate = 0.05,
  feature_fraction = 0.8,
  bagging_fraction = 0.8,
  bagging_freq = 5,
  verbose = -1
)

# 训练LightGBM模型
model_lgb <- lgb.train(
  params = lgb_params,
  data = lgb_train_data,
  nrounds = 100,
  valids = list(train = lgb_train_data),
  early_stopping_rounds = 10,
  verbose = -1
)
model_list[["LightGBM"]] <- model_lgb

# 9. CatBoost
cat("训练模型 9/12: CatBoost\n")
set.seed(123)

# 准备CatBoost数据格式
catboost_train <- catboost.load_pool(
  data = as.matrix(final_train[, -ncol(final_train)]),
  label = as.numeric(final_train$CMM) - 1
)

# CatBoost参数
catboost_params <- list(
  loss_function = "Logloss",
  eval_metric = "AUC",
  iterations = 100,
  learning_rate = 0.05,
  depth = 6,
  verbose = FALSE
)

# 训练CatBoost模型
model_catboost <- catboost.train(
  learn_pool = catboost_train,
  params = catboost_params
)
model_list[["CatBoost"]] <- model_catboost

# 10. Linear Discriminant Analysis
cat("训练模型 10/12: LDA\n")
set.seed(123)
model_lda <- train(
  CMM ~ .,
  data = final_train,
  method = "lda",
  trControl = train_control,
  metric = "ROC"
)
model_list[["LDA"]] <- model_lda

# 11. AdaBoost
cat("训练模型 11/12: AdaBoost\n")
set.seed(123)
model_ada <- train(
  CMM ~ .,
  data = final_train,
  method = "LogitBoost",
  trControl = train_control,
  metric = "ROC",
  tuneGrid = expand.grid(
    nIter = c(50, 100)
  )
)
model_list[["AdaBoost"]] <- model_ada

# 12. Extra Trees
cat("训练模型 12/12: Extra Trees\n")
library(caret)
library(ranger)

set.seed(123)

model_et <- train(
  CMM ~ .,
  data = final_train,
  method = "ranger",
  metric = "ROC",
  trControl = train_control,
  tuneGrid = expand.grid(
    mtry = c(3, 5, 7),
    splitrule = "extratrees",
    min.node.size = 1
  ),
  num.trees = 100,
  importance = "impurity"
)

model_list[["ET"]] <- model_et

# =============================================================================
# 模型评估
# =============================================================================
library(pROC)
library(caret)
library(kernlab)
library(xgboost)
library(lightgbm)
library(catboost)

model_results <- data.frame(
  Model = character(),
  AUC_Train = numeric(),
  AUC_Test = numeric(),
  Accuracy = numeric(),
  Sensitivity = numeric(),
  Specificity = numeric(),
  stringsAsFactors = FALSE
)

add_result <- function(df, model_name, roc_train, roc_test, cm) {
  rbind(
    df,
    data.frame(
      Model = model_name,
      AUC_Train = as.numeric(auc(roc_train)),
      AUC_Test  = as.numeric(auc(roc_test)),
      Accuracy  = unname(cm$overall["Accuracy"]),
      Sensitivity = unname(cm$byClass["Sensitivity"]),
      Specificity = unname(cm$byClass["Specificity"]),
      stringsAsFactors = FALSE
    )
  )
}

# 1. Logistic Regression
model <- model_list[["LR"]]
pred_train <- predict(model, final_train, type = "prob")
roc_train <- roc(final_train$CMM, pred_train$Yes, quiet = TRUE)
pred_test <- predict(model, final_test, type = "prob")
pred_class <- predict(model, final_test)
roc_test <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "LR", roc_train, roc_test, cm)

# 2. Random Forest
model <- model_list[["RF"]]
pred_train <- predict(model, final_train, type = "prob")
roc_train <- roc(final_train$CMM, pred_train$Yes, quiet = TRUE)
pred_test <- predict(model, final_test, type = "prob")
pred_class <- predict(model, final_test)
roc_test <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "RF", roc_train, roc_test, cm)

# 3. GBM
model <- model_list[["GBM"]]
pred_train <- predict(model, final_train, type = "prob")
roc_train <- roc(final_train$CMM, pred_train$Yes, quiet = TRUE)
pred_test <- predict(model, final_test, type = "prob")
pred_class <- predict(model, final_test)
roc_test <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "GBM", roc_train, roc_test, cm)

# 4. XGBoost
model <- model_list[["XGBoost"]]
xgb_train_pred <- predict(model, xgb_train)
roc_train <- roc(final_train$CMM, xgb_train_pred, quiet = TRUE)
xgb_test <- xgb.DMatrix(data = as.matrix(final_test[, -ncol(final_test)]))
xgb_test_pred <- predict(model, xgb_test)
pred_class <- factor(ifelse(xgb_test_pred > 0.5, "Yes", "No"), levels = c("No", "Yes"))
roc_test <- roc(final_test$CMM, xgb_test_pred, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "XGBoost", roc_train, roc_test, cm)

# 5. SVM
library(kernlab)
library(pROC)
library(caret)
model <- model_list[["SVM"]]
svm_train_dec <- predict(model, final_train, type = "decision")
svm_train_dec <- as.numeric(svm_train_dec)
roc_train <- roc(final_train$CMM, svm_train_dec, quiet = TRUE)
svm_test_dec <- predict(model, final_test, type = "decision")
svm_test_dec <- as.numeric(svm_test_dec)
roc_test <- roc(final_test$CMM, svm_test_dec, quiet = TRUE)
pred_class <- factor(ifelse(svm_test_dec > 0, "Yes", "No"), levels = c("No", "Yes"))
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "SVM", roc_train, roc_test, cm)

# 6. KNN
model <- model_list[["KNN"]]
pred_train <- predict(model, final_train, type = "prob")
roc_train <- roc(final_train$CMM, pred_train$Yes, quiet = TRUE)
pred_test <- predict(model, final_test, type = "prob")
pred_class <- predict(model, final_test)
roc_test <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "KNN", roc_train, roc_test, cm)

# 7. Decision Tree
model <- model_list[["DT"]]
pred_train <- predict(model, final_train, type = "prob")
roc_train <- roc(final_train$CMM, pred_train$Yes, quiet = TRUE)
pred_test <- predict(model, final_test, type = "prob")
pred_class <- predict(model, final_test)
roc_test <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "DT", roc_train, roc_test, cm)

# 8. LightGBM
model <- model_list[["LightGBM"]]
lgb_train_pred <- predict(model, as.matrix(final_train[, -ncol(final_train)]))
roc_train <- roc(final_train$CMM, lgb_train_pred, quiet = TRUE)
lgb_test_pred <- predict(model, as.matrix(final_test[, -ncol(final_test)]))
pred_class <- factor(ifelse(lgb_test_pred > 0.5, "Yes", "No"), levels = c("No", "Yes"))
roc_test <- roc(final_test$CMM, lgb_test_pred, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "LightGBM", roc_train, roc_test, cm)

# 9. CatBoost
model <- model_list[["CatBoost"]]
catboost_train_pool <- catboost.load_pool(data = as.matrix(final_train[, -ncol(final_train)]))
catboost_train_pred <- catboost.predict(model, catboost_train_pool, prediction_type = "Probability")
roc_train <- roc(final_train$CMM, catboost_train_pred, quiet = TRUE)
catboost_test_pool <- catboost.load_pool(data = as.matrix(final_test[, -ncol(final_test)]))
catboost_test_pred <- catboost.predict(model, catboost_test_pool, prediction_type = "Probability")
pred_class <- factor(ifelse(catboost_test_pred > 0.5, "Yes", "No"), levels = c("No", "Yes"))
roc_test <- roc(final_test$CMM, catboost_test_pred, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "CatBoost", roc_train, roc_test, cm)

# 10. LDA
model <- model_list[["LDA"]]
pred_train <- predict(model, final_train, type = "prob")
roc_train <- roc(final_train$CMM, pred_train$Yes, quiet = TRUE)
pred_test <- predict(model, final_test, type = "prob")
pred_class <- predict(model, final_test)
roc_test <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "LDA", roc_train, roc_test, cm)

# 11. AdaBoost
model <- model_list[["AdaBoost"]]
pred_train <- predict(model, final_train, type = "prob")
roc_train <- roc(final_train$CMM, pred_train$Yes, quiet = TRUE)
pred_test <- predict(model, final_test, type = "prob")
pred_class <- predict(model, final_test)
roc_test <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "AdaBoost", roc_train, roc_test, cm)

# 12. Extra Trees
model <- model_list[["ET"]]
pred_train <- predict(model, final_train, type = "prob")
roc_train <- roc(final_train$CMM, pred_train$Yes, quiet = TRUE)
pred_test <- predict(model, final_test, type = "prob")
pred_class <- predict(model, final_test)
roc_test <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
cm <- confusionMatrix(pred_class, final_test$CMM)
model_results <- add_result(model_results, "ET", roc_train, roc_test, cm)

# 按测试集AUC排序
model_results <- model_results[order(-model_results$AUC_Test), ]
rownames(model_results) <- NULL

cat("\n模型性能比较:\n")
print(model_results)

# 选择最佳模型
best_model_name <- model_results$Model[1]
best_model <- model_list[[best_model_name]]

cat("\n最佳模型:", best_model_name, "\n")
cat("测试集AUC:", round(model_results$AUC_Test[1], 4), "\n")

# =============================================================================
# SHAP值分析 (全局解释)
# =============================================================================

cat("\n=== 计算SHAP值 (全局解释) ===\n")

# 安装并加载fastshap包
if (!require("fastshap")) install.packages("fastshap")
library(fastshap)

# 准备预测函数
if(best_model_name == "XGBoost") {
  pfun <- function(object, newdata) {
    predict(object, xgb.DMatrix(data = as.matrix(newdata)))
  }
  
  # 计算SHAP值
  set.seed(123)
  shap_values <- fastshap::explain(
    object = best_model,
    X = final_train[, -ncol(final_train)],
    pred_wrapper = pfun,
    nsim = 50,
    adjust = TRUE
  )
  
} else if(best_model_name == "LightGBM") {
  pfun <- function(object, newdata) {
    predict(object, as.matrix(newdata))
  }
  
  # 计算SHAP值
  set.seed(123)
  shap_values <- fastshap::explain(
    object = best_model,
    X = final_train[, -ncol(final_train)],
    pred_wrapper = pfun,
    nsim = 50,
    adjust = TRUE
  )
  
} else if(best_model_name == "CatBoost") {
  pfun <- function(object, newdata) {
    pool <- catboost.load_pool(data = as.matrix(newdata))
    catboost.predict(object, pool, prediction_type = "Probability")
  }
  
  # 计算SHAP值
  set.seed(123)
  shap_values <- fastshap::explain(
    object = best_model,
    X = final_train[, -ncol(final_train)],
    pred_wrapper = pfun,
    nsim = 50,
    adjust = TRUE
  )
  
} else if(best_model_name %in% c("RF", "GBM", "ET")) {
  pfun <- function(object, newdata) {
    predict(object, newdata, type = "prob")[, "Yes"]
  }
  
  # 计算SHAP值
  set.seed(123)
  shap_values <- fastshap::explain(
    object = best_model,
    X = final_train[, -ncol(final_train)],
    pred_wrapper = pfun,
    nsim = 50,
    adjust = TRUE
  )
}

cat("SHAP值计算完成!\n")

# =============================================================================
# LIME分析 (局部解释)
# =============================================================================

cat("\n=== 计算LIME (局部解释) ===\n")

library(lime)

# 创建LIME解释器
if(best_model_name == "XGBoost") {
  explainer <- lime(
    x = final_train[, -ncol(final_train)],
    model = best_model,
    bin_continuous = TRUE,
    n_bins = 4
  )
  
  # 选择几个样本进行局部解释
  test_sample_idx <- sample(1:nrow(final_test), min(5, nrow(final_test)))
  test_sample <- final_test[test_sample_idx, -ncol(final_test)]
  
  # 生成解释
  explanation <- explain(
    x = test_sample,
    explainer = explainer,
    n_labels = 1,
    n_features = 10
  )
  
} else if(best_model_name %in% c("RF", "GBM", "ET", "LightGBM", "CatBoost")) {
  explainer <- lime(
    x = final_train[, -ncol(final_train)],
    model = best_model,
    bin_continuous = TRUE,
    n_bins = 4
  )
  
  test_sample_idx <- sample(1:nrow(final_test), min(5, nrow(final_test)))
  test_sample <- final_test[test_sample_idx, -ncol(final_test)]
  
  explanation <- explain(
    x = test_sample,
    explainer = explainer,
    n_labels = 1,
    n_features = 10
  )
}

cat("LIME计算完成!\n")

# =============================================================================
# 特征重要性计算
# =============================================================================

cat("\n=== 计算特征重要性 ===\n")

if(best_model_name %in% c("RF", "GBM", "DT", "ET", "AdaBoost")) {
  var_imp <- varImp(best_model)
  var_imp_df <- data.frame(
    Variable = rownames(var_imp$importance),
    Importance = var_imp$importance[, 1]
  )
  var_imp_df <- var_imp_df[order(var_imp_df$Importance, decreasing = TRUE), ]
  cat("特征重要性计算完成!\n")
} else if(best_model_name == "XGBoost") {
  importance_matrix <- xgb.importance(
    feature_names = colnames(final_train)[-ncol(final_train)],
    model = best_model
  )
  var_imp_df <- data.frame(
    Variable = importance_matrix$Feature,
    Importance = importance_matrix$Gain
  )
  cat("XGBoost特征重要性计算完成!\n")
} else if(best_model_name == "LightGBM") {
  importance_matrix <- lgb.importance(best_model)
  var_imp_df <- data.frame(
    Variable = importance_matrix$Feature,
    Importance = importance_matrix$Gain
  )
  cat("LightGBM特征重要性计算完成!\n")
} else if(best_model_name == "CatBoost") {
  importance_values <- catboost.get_feature_importance(best_model)
  var_imp_df <- data.frame(
    Variable = colnames(final_train)[-ncol(final_train)],
    Importance = importance_values
  )
  var_imp_df <- var_imp_df[order(var_imp_df$Importance, decreasing = TRUE), ]
  cat("CatBoost特征重要性计算完成!\n")
}

# =============================================================================
# 可视化
# =============================================================================

# 设置科研主题
theme_ml <- theme_bw() +
  theme(
    panel.grid.major = element_line(color = "gray90", size = 0.3),
    panel.grid.minor = element_blank(),
    axis.text = element_text(size = 10, color = "black"),
    axis.title = element_text(size = 11, face = "bold"),
    legend.position = "right",
    legend.text = element_text(size = 9),
    plot.title = element_text(size = 12, face = "bold", hjust = 0.5)
  )

# 图1: 变量筛选结果
var_selection_data <- data.frame(
  Method = c("Original Features", "LASSO Selected", "Boruta Selected", "Final (Intersection)"),
  Count = c(ncol(train_matrix) - 1, length(lasso_final_vars), length(boruta_vars), length(selected_vars))
)

p1_var_selection <- ggplot(var_selection_data, aes(x = Method, y = Count, fill = Method)) +
  geom_bar(stat = "identity", width = 0.6) +
  geom_text(aes(label = Count), vjust = -0.5, size = 5) +
  scale_fill_manual(values = c("#3498db", "#2ecc71", "#e74c3c", "#9b59b6")) +
  labs(x = "", y = "Number of Variables", 
       title = "Variable Selection Results") +
  theme_ml +
  theme(legend.position = "none", axis.text.x = element_text(angle = 45, hjust = 1))

# 图2: SHAP Summary Plot
if(exists("shap_values")) {
  shap_long <- shap_values %>%
    as.data.frame() %>%
    mutate(obs = row_number()) %>%
    pivot_longer(cols = -obs, names_to = "Variable", values_to = "SHAP_value")
  
  feature_values <- final_train[, -ncol(final_train)] %>%
    as.data.frame() %>%
    mutate(obs = row_number()) %>%
    pivot_longer(cols = -obs, names_to = "Variable", values_to = "Feature_value")
  
  shap_plot_data <- shap_long %>%
    left_join(feature_values, by = c("obs", "Variable"))
  
  # 计算每个变量的平均绝对SHAP值
  shap_importance <- shap_plot_data %>%
    group_by(Variable) %>%
    summarise(mean_abs_shap = mean(abs(SHAP_value))) %>%
    arrange(desc(mean_abs_shap)) %>%
    head(20)
  
  shap_plot_data_top <- shap_plot_data %>%
    filter(Variable %in% shap_importance$Variable) %>%
    mutate(Variable = factor(Variable, levels = shap_importance$Variable))
  
  p2_shap_summary <- ggplot(shap_plot_data_top, 
                            aes(x = SHAP_value, y = Variable, color = Feature_value)) +
    geom_point(alpha = 0.5, size = 1) +
    scale_color_gradient(low = "blue", high = "red") +
    labs(x = "SHAP Value", y = "", 
         title = "SHAP Summary Plot (Top 20 Features)",
         color = "Feature\nValue") +
    theme_ml
}

# 图3: SHAP Dependence Plot (前3个重要特征)
if(exists("shap_values")) {
  top_3_vars <- shap_importance$Variable[1:3]
  
  shap_dep_plots <- lapply(top_3_vars, function(var) {
    plot_data <- data.frame(
      Feature_value = final_train[[var]],
      SHAP_value = shap_values[[var]]
    )
    
    ggplot(plot_data, aes(x = Feature_value, y = SHAP_value)) +
      geom_point(alpha = 0.5, color = "#3498db") +
      geom_smooth(method = "loess", se = TRUE, color = "red") +
      labs(x = var, y = "SHAP Value",
           title = paste("SHAP Dependence:", var)) +
      theme_ml
  })
  
  p3_shap_dependence <- wrap_plots(shap_dep_plots, ncol = 3)
}

# 图4: LIME解释图
if(exists("explanation")) {
  p4_lime <- plot_features(explanation, ncol = 1) +
    labs(title = "LIME Local Explanations (Sample Cases)") +
    theme_ml
}

# 图5: 模型性能比较 (AUC)
p5_model_auc <- ggplot(model_results, aes(x = reorder(Model, AUC_Test), y = AUC_Test)) +
  geom_bar(stat = "identity", fill = "#3498db", alpha = 0.8) +
  geom_text(aes(label = sprintf("%.3f", AUC_Test)), hjust = -0.1, size = 3.5) +
  coord_flip() +
  ylim(0, 1) +
  labs(x = "Model", y = "AUC (Test Set)", 
       title = "Model Performance Comparison (AUC)") +
  theme_ml

# 图6: ROC曲线 (前5个模型)
top5_models <- model_results$Model[1:5]

roc_list <- list()
for(model_name in top5_models) {
  model <- model_list[[model_name]]
  
  if(model_name == "XGBoost") {
    xgb_test <- xgb.DMatrix(data = as.matrix(final_test[, -ncol(final_test)]))
    pred_prob <- predict(model, xgb_test)
    roc_obj <- roc(final_test$CMM, pred_prob, quiet = TRUE)
  } else if(model_name == "LightGBM") {
    pred_prob <- predict(model, as.matrix(final_test[, -ncol(final_test)]))
    roc_obj <- roc(final_test$CMM, pred_prob, quiet = TRUE)
  } else if(model_name == "CatBoost") {
    catboost_test_pool <- catboost.load_pool(data = as.matrix(final_test[, -ncol(final_test)]))
    pred_prob <- catboost.predict(model, catboost_test_pool, prediction_type = "Probability")
    roc_obj <- roc(final_test$CMM, pred_prob, quiet = TRUE)
  } else if(model_name == "SVM") {
    svm_test_dec <- predict(model, final_test, type = "decision")
    svm_test_dec <- as.numeric(svm_test_dec)
    roc_obj <- roc(final_test$CMM, svm_test_dec, quiet = TRUE)
  } else {
    pred_test <- predict(model, final_test, type = "prob")
    roc_obj <- roc(final_test$CMM, pred_test$Yes, quiet = TRUE)
  }
  
  roc_df <- data.frame(
    Specificity = 1 - roc_obj$specificities,
    Sensitivity = roc_obj$sensitivities,
    Model = paste0(model_name, " (AUC=", sprintf("%.3f", auc(roc_obj)), ")")
  )
  roc_list[[model_name]] <- roc_df
}

roc_combined <- bind_rows(roc_list)

p6_roc <- ggplot(roc_combined, aes(x = Specificity, y = Sensitivity, color = Model)) +
  geom_line(size = 1) +
  geom_abline(intercept = 0, slope = 1, linetype = "dashed", color = "gray50") +
  scale_color_brewer(palette = "Set1") +
  labs(x = "1 - Specificity", y = "Sensitivity", 
       title = "ROC Curves (Top 5 Models)") +
  theme_ml +
  coord_equal()

# 图7: 特征重要性 (最佳模型)
if(exists("var_imp_df")) {
  var_imp_df_top <- head(var_imp_df, 20)
  
  p7_importance <- ggplot(var_imp_df_top, aes(x = reorder(Variable, Importance), y = Importance)) +
    geom_bar(stat = "identity", fill = "#e74c3c") +
    coord_flip() +
    labs(x = "", y = "Importance", 
         title = paste("Feature Importance:", best_model_name)) +
    theme_ml
}

# 图8: 学习曲线
learning_curve_data <- data.frame(
  Size = c(0.2, 0.4, 0.6, 0.8, 1.0),
  Train_Score = numeric(5),
  Test_Score = numeric(5)
)

cat("\n计算学习曲线...\n")

for(i in 1:5) {
  size <- learning_curve_data$Size[i]
  sample_size <- floor(nrow(final_train) * size)
  
  set.seed(123)
  sample_idx <- sample(1:nrow(final_train), sample_size)
  train_subset <- final_train[sample_idx, ]
  
  if(best_model_name == "XGBoost") {
    xgb_train_sub <- xgb.DMatrix(
      data = as.matrix(train_subset[, -ncol(train_subset)]),
      label = as.numeric(train_subset$CMM) - 1
    )
    model_lc <- xgb.train(
      params = xgb_params,
      data = xgb_train_sub,
      nrounds = 100,
      verbose = 0
    )
    
    pred_train_lc <- predict(model_lc, xgb_train_sub)
    xgb_test_lc <- xgb.DMatrix(data = as.matrix(final_test[, -ncol(final_test)]))
    pred_test_lc <- predict(model_lc, xgb_test_lc)
    
    roc_train_lc <- roc(train_subset$CMM, pred_train_lc, quiet = TRUE)
    roc_test_lc <- roc(final_test$CMM, pred_test_lc, quiet = TRUE)
    
  } else if(best_model_name == "LightGBM") {
    lgb_train_sub <- lgb.Dataset(
      data = as.matrix(train_subset[, -ncol(train_subset)]),
      label = as.numeric(train_subset$CMM) - 1
    )
    model_lc <- lgb.train(
      params = lgb_params,
      data = lgb_train_sub,
      nrounds = 100,
      verbose = -1
    )
    
    pred_train_lc <- predict(model_lc, as.matrix(train_subset[, -ncol(train_subset)]))
    pred_test_lc <- predict(model_lc, as.matrix(final_test[, -ncol(final_test)]))
    
    roc_train_lc <- roc(train_subset$CMM, pred_train_lc, quiet = TRUE)
    roc_test_lc <- roc(final_test$CMM, pred_test_lc, quiet = TRUE)
    
  } else if(best_model_name == "CatBoost") {
    catboost_train_sub <- catboost.load_pool(
      data = as.matrix(train_subset[, -ncol(train_subset)]),
      label = as.numeric(train_subset$CMM) - 1
    )
    model_lc <- catboost.train(
      learn_pool = catboost_train_sub,
      params = catboost_params
    )
    
    catboost_train_pool_lc <- catboost.load_pool(data = as.matrix(train_subset[, -ncol(train_subset)]))
    pred_train_lc <- catboost.predict(model_lc, catboost_train_pool_lc, prediction_type = "Probability")
    catboost_test_pool_lc <- catboost.load_pool(data = as.matrix(final_test[, -ncol(final_test)]))
    pred_test_lc <- catboost.predict(model_lc, catboost_test_pool_lc, prediction_type = "Probability")
    
    roc_train_lc <- roc(train_subset$CMM, pred_train_lc, quiet = TRUE)
    roc_test_lc <- roc(final_test$CMM, pred_test_lc, quiet = TRUE)
    
  } else {
    model_lc <- train(
      CMM ~ .,
      data = train_subset,
      method = best_model$method,
      trControl = trainControl(method = "none"),
      tuneGrid = best_model$bestTune
    )
    
    pred_train_lc <- predict(model_lc, train_subset, type = "prob")
    pred_test_lc <- predict(model_lc, final_test, type = "prob")
    
    roc_train_lc <- roc(train_subset$CMM, pred_train_lc$Yes, quiet = TRUE)
    roc_test_lc <- roc(final_test$CMM, pred_test_lc$Yes, quiet = TRUE)
  }
  
  learning_curve_data$Train_Score[i] <- as.numeric(auc(roc_train_lc))
  learning_curve_data$Test_Score[i] <- as.numeric(auc(roc_test_lc))
}

lc_long <- learning_curve_data %>%
  pivot_longer(cols = c(Train_Score, Test_Score), names_to = "Set", values_to = "AUC")

p8_learning_curve <- ggplot(lc_long, aes(x = Size * nrow(final_train), y = AUC, color = Set)) +
  geom_line(size = 1) +
  geom_point(size = 3) +
  scale_color_manual(values = c("Train_Score" = "#3498db", "Test_Score" = "#e74c3c"),
                     labels = c("Training Set", "Test Set")) +
  labs(x = "Training Set Size", y = "AUC", 
       title = "Learning Curve",
       color = "") +
  theme_ml

cat("\n图表创建完成!\n")

# =============================================================================
# 保存图片
# =============================================================================

ggsave("ml_fig1_var_selection.png", p1_var_selection, width = 10, height = 6, dpi = 300, bg = "white")

if(exists("p2_shap_summary")) {
  ggsave("ml_fig2_shap_summary.png", p2_shap_summary, width = 10, height = 8, dpi = 300, bg = "white")
}

if(exists("p3_shap_dependence")) {
  ggsave("ml_fig3_shap_dependence.png", p3_shap_dependence, width = 15, height = 5, dpi = 300, bg = "white")
}

if(exists("p4_lime")) {
  ggsave("ml_fig4_lime.png", p4_lime, width = 10, height = 8, dpi = 300, bg = "white")
}

ggsave("ml_fig5_model_auc.png", p5_model_auc, width = 10, height = 6, dpi = 300, bg = "white")
ggsave("ml_fig6_roc.png", p6_roc, width = 8, height = 8, dpi = 300, bg = "white")

if(exists("p7_importance")) {
  ggsave("ml_fig7_importance.png", p7_importance, width = 10, height = 8, dpi = 300, bg = "white")
}

ggsave("ml_fig8_learning_curve.png", p8_learning_curve, width = 8, height = 6, dpi = 300, bg = "white")

cat("\n所有图片已保存!\n")

# =============================================================================
# 导出Word文档
# =============================================================================

doc <- read_docx()

doc <- doc %>%
  body_add_par("Machine Learning Analysis Results", style = "heading 1") %>%
  body_add_par("NHANES 2007-2018: Predicting Cardiometabolic Multimorbidity", 
               style = "heading 2") %>%
  body_add_par("", style = "Normal") %>%
  body_add_par(paste("Analysis Date:", Sys.Date()), style = "Normal") %>%
  body_add_par(paste("Total Sample Size:", nrow(ml_data)), style = "Normal") %>%
  body_add_par(paste("Training Set:", nrow(train_data), "(70%)"), style = "Normal") %>%
  body_add_par(paste("Test Set:", nrow(test_data), "(30%)"), style = "Normal") %>%
  body_add_par("", style = "Normal")

# 方法学描述
doc <- doc %>%
  body_add_par("Methods Overview", style = "heading 1") %>%
  body_add_par("Data Preprocessing", style = "heading 2") %>%
  body_add_par("• Missing value imputation using jomo (Joint Modelling)", 
               style = "Normal") %>%
  body_add_par("• Physical activity variables were divided by 10 prior to analysis", 
               style = "Normal") %>%
  body_add_par("", style = "Normal") %>%
  
  body_add_par("Variable Selection", style = "heading 2") %>%
  body_add_par("Two-stage feature selection approach:", style = "Normal") %>%
  body_add_par("1. LASSO Regression:", style = "Normal") %>%
  body_add_par("   • 1000 repetitions of 10-fold cross-validation", style = "Normal") %>%
  body_add_par("   • Variables selected in >50% of iterations were retained", style = "Normal") %>%
  body_add_par("2. Boruta Algorithm:", style = "Normal") %>%
  body_add_par("   • Random forest-based feature selection", style = "Normal") %>%
  body_add_par("   • Confirmed important features were retained", style = "Normal") %>%
  body_add_par("3. Final Features: Intersection of LASSO and Boruta results", style = "Normal") %>%
  body_add_par("", style = "Normal") %>%
  
  body_add_par("Machine Learning Models", style = "heading 2") %>%
  body_add_par("Twelve algorithms were trained with 5-fold cross-validation:", style = "Normal") %>%
  body_add_par("• Logistic Regression, Random Forest, Gradient Boosting, XGBoost", 
               style = "Normal") %>%
  body_add_par("• LightGBM, CatBoost, Support Vector Machine, K-Nearest Neighbors", 
               style = "Normal") %>%
  body_add_par("• Decision Tree, Linear Discriminant Analysis, AdaBoost, Extra Trees", 
               style = "Normal") %>%
  body_add_par("", style = "Normal") %>%
  
  body_add_par("Model Interpretation", style = "heading 2") %>%
  body_add_par("• SHAP (SHapley Additive exPlanations): Global feature importance", 
               style = "Normal") %>%
  body_add_par("• LIME (Local Interpretable Model-agnostic Explanations): Local predictions", 
               style = "Normal") %>%
  body_add_par("", style = "Normal")

# 变量筛选结果表
doc <- doc %>%
  body_add_par("Table 1. Variable Selection Summary", style = "heading 2")

var_summary <- data.frame(
  Stage = c("Original Features", "LASSO Selected", "Boruta Selected", "Final (Intersection)"),
  Count = c(ncol(train_matrix) - 1, length(lasso_final_vars), length(boruta_vars), length(selected_vars))
)

ft_var <- flextable(var_summary) %>%
  set_header_labels(
    Stage = "Selection Stage",
    Count = "Number of Variables"
  ) %>%
  theme_booktabs() %>%
  autofit() %>%
  align(align = "center", part = "all") %>%
  align(j = 1, align = "left", part = "body") %>%
  bold(part = "header") %>%
  bg(bg = "#F0F0F0", part = "header")

doc <- doc %>%
  body_add_flextable(ft_var) %>%
  body_add_par("", style = "Normal")

# 模型性能表
doc <- doc %>%
  body_add_par("Table 2. Model Performance Comparison", style = "heading 2")

model_results_fmt <- model_results %>%
  mutate(
    AUC_Train = sprintf("%.4f", AUC_Train),
    AUC_Test = sprintf("%.4f", AUC_Test),
    Accuracy = sprintf("%.4f", Accuracy),
    Sensitivity = sprintf("%.4f", Sensitivity),
    Specificity = sprintf("%.4f", Specificity)
  )

ft_models <- flextable(model_results_fmt) %>%
  set_header_labels(
    Model = "Model",
    AUC_Train = "AUC\n(Training)",
    AUC_Test = "AUC\n(Test)",
    Accuracy = "Accuracy",
    Sensitivity = "Sensitivity",
    Specificity = "Specificity"
  ) %>%
  theme_booktabs() %>%
  autofit() %>%
  align(align = "center", part = "all") %>%
  align(j = 1, align = "left", part = "body") %>%
  bold(part = "header") %>%
  bg(bg = "#F0F0F0", part = "header") %>%
  bg(i = 1, bg = "#e8f4f8", part = "body")

doc <- doc %>%
  body_add_flextable(ft_models) %>%
  body_add_par("", style = "Normal") %>%
  body_add_par(paste("Note: Best performing model is", best_model_name, 
                     "with test AUC =", sprintf("%.4f", model_results$AUC_Test[1])), 
               style = "Normal") %>%
  body_add_par("", style = "Normal")

# 添加图表
doc <- doc %>%
  body_add_par("Figure 1. Variable Selection Results", style = "heading 2") %>%
  body_add_img("ml_fig1_var_selection.png", width = 6, height = 4.5) %>%
  body_add_par("", style = "Normal")

if(file.exists("ml_fig2_shap_summary.png")) {
  doc <- doc %>%
    body_add_par("Figure 2. SHAP Summary Plot", style = "heading 2") %>%
    body_add_img("ml_fig2_shap_summary.png", width = 6.5, height = 5.2) %>%
    body_add_par("Global feature importance based on SHAP values.", style = "Normal") %>%
    body_add_par("", style = "Normal")
}

if(file.exists("ml_fig3_shap_dependence.png")) {
  doc <- doc %>%
    body_add_par("Figure 3. SHAP Dependence Plots", style = "heading 2") %>%
    body_add_img("ml_fig3_shap_dependence.png", width = 6.5, height = 3) %>%
    body_add_par("Relationship between feature values and SHAP values for top 3 features.", 
                 style = "Normal") %>%
    body_add_par("", style = "Normal")
}

if(file.exists("ml_fig4_lime.png")) {
  doc <- doc %>%
    body_add_par("Figure 4. LIME Local Explanations", style = "heading 2") %>%
    body_add_img("ml_fig4_lime.png", width = 6.5, height = 5.2) %>%
    body_add_par("Local interpretations for individual predictions.", style = "Normal") %>%
    body_add_par("", style = "Normal")
}

doc <- doc %>%
  body_add_par("Figure 5. Model Performance Comparison (AUC)", style = "heading 2") %>%
  body_add_img("ml_fig5_model_auc.png", width = 6.5, height = 4) %>%
  body_add_par("", style = "Normal") %>%
  
  body_add_par("Figure 6. ROC Curves (Top 5 Models)", style = "heading 2") %>%
  body_add_img("ml_fig6_roc.png", width = 6, height = 6) %>%
  body_add_par("", style = "Normal")

if(file.exists("ml_fig7_importance.png")) {
  doc <- doc %>%
    body_add_par("Figure 7. Feature Importance (Best Model)", style = "heading 2") %>%
    body_add_img("ml_fig7_importance.png", width = 6.5, height = 5.2) %>%
    body_add_par("", style = "Normal")
}

doc <- doc %>%
  body_add_par("Figure 8. Learning Curve", style = "heading 2") %>%
  body_add_img("ml_fig8_learning_curve.png", width = 6, height = 4.5) %>%
  body_add_par("", style = "Normal")

# 结论
doc <- doc %>%
  body_add_par("Key Findings", style = "heading 1") %>%
  body_add_par(paste("1. Variable Selection: LASSO (1000×10-fold CV) and Boruta intersection yielded", 
                     length(selected_vars), "final features from", ncol(train_matrix) - 1, 
                     "initial features."), 
               style = "Normal") %>%
  body_add_par(paste("2. Best Model:", best_model_name, "achieved test AUC =", 
                     sprintf("%.4f", model_results$AUC_Test[1])), 
               style = "Normal") %>%
  body_add_par("3. SHAP analysis identified key predictors with their contribution directions.", 
               style = "Normal") %>%
  body_add_par("4. LIME provided interpretable explanations for individual predictions.", 
               style = "Normal")

# 保存文档
output_path <- "NHANES_Machine_Learning_Analysis.docx"
print(doc, target = output_path)
