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This supplementary material accompanies the manuscript entitled The Impact of Virtual Experiments on Students’ Scientific Inquiry Skills: Evidence From a Three-Level Meta-Analysis. All content aligns fully with the methods and results reported in the main text; no new data or post hoc analyses are included beyond those outlined in the manuscript. The material is provided to ensure full transparency and reproducibility of the meta-analysis, in compliance with PRISMA 2020 guidelines.
This supplement consists of two components:
1. Coding Manual for Moderating Variables
This manual documents a priori standardized coding protocols for the four core moderators in the meta-analysis: educational level, discipline type, intervention duration, and dimensions of scientific inquiry skills. For each variable, the manual specifies operational definitions, explicit classification criteria, and boundary case handling rules. It also details the coding quality control framework, including pre-coding inter-coder reliability calibration, disagreement arbitration procedures, and final Cohen’s Kappa verification, to ensure traceability and consistency of coding outcomes.
2. R Code for Three-Level Meta-Analysis of Scientific Inquiry Skills
This section provides complete, executable R code for all statistical analyses reported in the study, implemented primarily using the metafor package. The code covers the full analytical pipeline: data preparation and Hedges’ g calculation, overall three-level random-effects meta-analysis, multi-method sensitivity analysis (leave-one-study-out, Studentized Deleted Residuals, Cook’s Distance, DFBETAS), comparison of two-level versus three-level model specifications, robustness tests with compound symmetry (CS) covariance structures, generation of forest and funnel plots, publication bias assessment (modified Egger’s test, Rosenthal’s fail-safe N), multilevel heterogeneity partitioning with stratified I² estimates, subgroup meta-analyses across all moderators, statistical power calculation, and moderator effect testing with stratified pseudo-R² estimation.

Coding Manual for Moderating Variables
1. Introduction
This coding manual establishes standardized, operationalized coding rules for the four core moderating variables included in this meta-analysis: educational level, discipline type, intervention duration, and dimensions of scientific inquiry skills. The manual was developed prior to the formal coding phase to ensure the traceability, replicability, and verifiability of the coding process, in full alignment with PRISMA 2020 guidelines and meta-analytic coding standards proposed by Card (2015). All coding decisions followed the rules specified in this manual to minimize subjective bias and ensure consistency across coders.
2. Coding Rules for Educational Level
2.1 Core Definition
Educational level refers to the formal schooling stage of study participants, coded solely based on the educational stage explicitly reported in the primary study.
2.2 Coding Categories and Criteria
Categorized into four hierarchical levels, per the classification framework of Ozdemir et al. (2018):
Primary school: Corresponds to Grades 1–6, typically for learners aged 6–12 years.
Junior high school: Corresponds to Grades 7–9, typically for learners aged 12–15 years.
Senior high school: Corresponds to Grades 10–12, typically for learners aged 15–18 years.
University: Corresponds to tertiary education (undergraduate and postgraduate levels).
2.3 Boundary Case Handling
Cross-stage studies: Coded according to the main educational stage where the intervention was implemented, as explicitly stated in the primary study.
Mixed-sample studies: Studies for which the dominant educational stage could not be clearly identified were excluded from the analysis.
3. Coding Rules for Discipline Type
3.1 Core Definition
Discipline type refers to the curricular domain of the experimental intervention, coded based on the subject area of the science instruction delivered to participants.
3.2 Coding Categories and Criteria
Categorized into four domains, following the classification framework of Kanwal et al. (2021):
Physics: Interventions focused on physics content (e.g., electricity, mechanics, thermodynamics, optics).
Chemistry: Interventions focused on chemistry content (e.g., chemical reactions, titration, molecular structure, chemical equilibrium).
Biology: Interventions focused on biology content (e.g., genetics, physiology, ecology, cell biology).
Integrated science: Interdisciplinary integrated science courses covering content from multiple natural science disciplines.
3.3 Boundary Case Handling
Single-discipline studies: Coded directly to the corresponding discipline category.
Multi-discipline studies with separate outcome reports: Each discipline was coded as an independent effect size, if results were reported separately by discipline.
Interdisciplinary integrated science courses: Uniformly classified as integrated science, regardless of the proportional weight of each discipline.
4. Coding Rules for Intervention Duration
4.1 Core Definition
Intervention duration refers to the total number of weeks of the complete intervention protocol, measured from the initiation to the conclusion of the experimental treatment.
4.2 Coding Categories and Criteria
Categorized into three tiers, per the classification criteria of Nie et al. (2025):
< 4 weeks: Short-term interventions with a total duration of less than 4 weeks.
4‒8 weeks: Medium-term interventions with a total duration of 4 to 8 weeks inclusive.
> 8 weeks: Long-term interventions with a total duration of more than 8 weeks.
4.3 Boundary Case Handling
Studies reporting only total class hours: Conservative conversion was performed according to the typical teaching rhythm in primary and secondary schools (2 class hours per week).
Cases that could not be accurately converted: Marked as uncertain and submitted for third-party arbitration.
5. Coding Rules for Dimensions of Scientific Inquiry Skills
5.1 Core Definition
Dimensions of scientific inquiry skills refer to the specific competency domains measured by the assessment instruments in primary studies, mapped strictly following the scientific inquiry phase framework of Pedaste et al. (2015).
5.2 Coding Categories and Criteria
Mapped to five core dimensions of the scientific inquiry cycle:
Asking scientific questions: Identifying testable problems, posing investigable questions, and defining research variables.
Formulating testable hypotheses: Proposing evidence-based predictions, stating testable assumptions, and defining expected outcomes.
Designing controlled experiments: Planning experimental procedures, controlling variables, selecting equipment, and troubleshooting protocols. This dimension is classified as practice-oriented.
Analyzing and interpreting data: Processing experimental data, identifying patterns, interpreting results, and constructing evidence-based arguments.
Drawing evidence-based conclusions: Summarizing findings, evaluating limitations, and communicating evidence-based inferences.
All dimensions except designing controlled experiments are classified as cognition-oriented.
5.3 Boundary Case Handling
Comprehensive inquiry skill assessments without dimensional breakdown: Uniformly classified as the overall skills dimension.
Items covering multiple dimensions: Coded to the dimension that the assessment item primarily targets, based on the operational description of the instrument.
6. Coding Quality Control and Reliability Assurance
6.1 Pre-Coding Reliability Calibration
Prior to formal coding, a 10% random sample of included studies was coded independently by two trained coders to calibrate coding consistency. Formal coding commenced once inter-coder reliability reached the preset threshold (Cohen’s Kappa ≥ 0.75).
6.2 Disagreement Arbitration Mechanism
Coding disagreements that remained unresolved after bilateral cross-checking were finalized by a third senior researcher with methodological expertise in meta-analysis. All coding decisions and disagreement records were preserved for full traceability.
6.3 Post-Coding Reliability Verification
After coding was completed, Cohen’s Kappa coefficient was calculated to verify inter-rater reliability, consistent with the reliability standards applied in the literature screening phase.
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# R Code for Three-Level Meta-Analysis of Scientific Inquiry Skills
# Load required packages
library(metafor)
library(esc)
library(readxl)
library(dplyr)
# ---------- 1. Data Preparation --------------------------------------------------
# Import raw data and assign column names
# NOTE: Filename is kept in Chinese as it is the actual file name on disk
raw <- read_excel("探究技能5.29.xlsx", 
                  col_names = c("Author", "Year", "EduLevel", "Subject",
                                "Duration", "Dimension",
                                "M_C", "SD_C", "N_C",
                                "M_E", "SD_E", "N_E"))
# Convert numeric variables from character type
raw$M_E  <- as.numeric(as.character(raw$M_E))
raw$M_C  <- as.numeric(as.character(raw$M_C))
raw$SD_E <- as.numeric(as.character(raw$SD_E))
raw$SD_C <- as.numeric(as.character(raw$SD_C))
raw$N_E  <- as.numeric(as.character(raw$N_E))
raw$N_C  <- as.numeric(as.character(raw$N_C))
# Calculate Hedges' g (standardized mean difference) and sampling variance
dat <- escalc(measure = "SMD",
              n1i = N_E, m1i = M_E, sd1i = SD_E,   
              n2i = N_C, m2i = M_C, sd2i = SD_C,   
              data = raw) 
# Calculate standard error of each effect size
dat$sei <- sqrt(dat$vi)
# Generate base author name by removing trailing digits from Author string
# NOTE: Regex "[0-9]+$" assumes Author column ends with digits (e.g., "Smith2020").
#       Adjust if your data uses a different format (e.g., "Smith (2020)").
dat$BaseAuthor <- gsub("[0-9]+$", "", dat$Author)
dat$BaseAuthor <- trimws(dat$BaseAuthor)
# Create unique study identifier by combining base author and year
dat$StudyKey <- paste(dat$BaseAuthor, dat$Year, sep = "_")
dat$studyID  <- as.integer(factor(dat$StudyKey,
                                  levels = unique(dat$StudyKey)))
# Create unique effect-size identifier (level-1 unit)
dat$esID <- seq_len(nrow(dat))
# Create subgroup dummy variables
# NOTE: Chinese category labels are kept as-is because they are the actual
#       values in the data; translating them would cause %in% matching to fail.
dat$k12        <- as.integer(dat$EduLevel %in% c("小学", "初中", "高中"))
dat$short      <- as.integer(dat$Duration == "<4weeks")
dat$long       <- as.integer(dat$Duration == ">8weeks")
# Calculate total sample size per effect size
dat$samplesize <- dat$N_C + dat$N_E
# Export cleaned dataset
write.csv(dat, "meta_data_cleaned.csv", row.names = FALSE, fileEncoding = "UTF-8")
# Print data summary
cat("✓ Data preparation completed:\n")
cat("  - Number of effect sizes (k) =", nrow(dat), "\n")
cat("  - Number of independent studies =", length(unique(dat$studyID)), "\n")
cat("  - Range of Hedges' g: [", round(min(dat$yi), 3), ",", round(max(dat$yi), 3), "]\n\n")

# ---------- 2. Overall Effect Size Analysis (Three-Level Model) ----------------------
# Fit three-level multivariate meta-analysis
# Random structure: effect sizes (esID, level 1) + studies (studyID, level 2)
# Note: list(~1|esID, ~1|studyID) is mathematically equivalent to ~1|studyID/esID
#       when each esID is unique; the nested notation is more conventional.
overallgp <- rma.mv(yi, vi,
                    random = list(~ 1 | esID, ~ 1 | studyID),
                    test   = "t",
                    data   = dat)
# Print full model summary
summary(overallgp, digits = 3)
# ==================== Leave-One-Study-Out Sensitivity Analysis (Three-Level Model) ====================
# Extract all unique study IDs
study_ids <- unique(dat$studyID)
loo_g <- c()  # Store pooled effect size after each omission
loo_p <- c()  # Store p-value after each omission
# Loop: re-fit three-level model after omitting one entire study at a time
for(i in 1:length(study_ids)){
  # Exclude the i-th study from the dataset
  dat_temp <- dat[dat$studyID != study_ids[i], ]
  # Re-fit the three-level meta-analysis model
  model_temp <- rma.mv(yi = yi, V = vi, 
                       random = list(~1 | studyID, ~1 | esID),
                       test = "t", method = "REML", data = dat_temp)
  # Save model results
  loo_g[i] <- model_temp$beta[1]
  loo_p[i] <- model_temp$pval
}
# Calculate fluctuation range of pooled effect sizes (3 decimal places)
g_low  <- round(min(loo_g), 3)
g_high <- round(max(loo_g), 3)
# Check if all omission results remain statistically significant (p < 0.05)
robust <- all(loo_p < 0.05)
# Print sensitivity analysis results
cat("\n==================================================\n")
cat("    Study-Level Leave-One-Out Sensitivity Results\n")
cat("==================================================\n")
cat(paste0("Range of pooled effect size: ", g_low, " ~ ", g_high, "\n"))
cat(paste0("All results remain significant (p < 0.05): ", ifelse(robust, "Yes", "No"), "\n"))
cat("==================================================\n")

# ==================== Traditional Two-Level Meta-Analysis (Comparative Model) ====================
# Fit standard two-level random-effects meta-analysis
two_level_model <- rma.mv(
  yi = yi,
  V = vi,
  random = ~ 1 | studyID,
  test = "t",
  data = dat,
  method = "REML"
)
# Extract statistics from the two-level model
g_two     <- round(two_level_model$beta[1], 3)
se_two    <- round(two_level_model$se, 3)
ci_lower  <- round(two_level_model$ci.lb, 3)
ci_upper  <- round(two_level_model$ci.ub, 3)
p_val     <- round(two_level_model$pval, 3)
# Extract statistics from the three-level model (from previous step)
g_three   <- round(overallgp$beta[1], 3)
se_three  <- round(overallgp$se, 3)
# Calculate relative differences between the two models
diff_g           <- round( abs(g_three - g_two) / g_three * 100, 1 )
se_underestimate <- round( (se_three - se_two) / se_three * 100, 1 )
# Print model comparison results
cat("\n==================================================\n")
cat("        Two-Level vs. Three-Level Model Comparison\n")
cat("==================================================\n")
cat(paste0("Three-level pooled g = ", g_three, " (SE = ", se_three, ")\n"))
cat(paste0("Two-level pooled g = ", g_two,
           " (SE = ", se_two,
           ", 95% CI = [", ci_lower, ", ", ci_upper,
           "], p = ", p_val, ")\n"))
cat(paste0("Relative difference in effect size estimate: ", diff_g, "%\n"))
cat(paste0("SE underestimation by two-level model: ", se_underestimate, "%\n"))
cat("==================================================\n")
# Supplementary: Robustness Test for Compound Symmetry Covariance Structure
# (Fixed r = 0.3 / r = 0.8)
# ---------- 3. Function to Construct CS Covariance Matrix ----------
build_cs_V <- function(data, r) {
  study_ids <- unique(data$studyID)
  V_blocks <- list()
  for (s in study_ids) {
    idx <- which(data$studyID == s)
    vi_s <- data$vi[idx]
    k_s <- length(vi_s)
    V_sub <- matrix(0, nrow = k_s, ncol = k_s)
    diag(V_sub) <- vi_s
    
    if (k_s > 1) {
      for (i in 1:(k_s - 1)) {
        for (j in (i + 1):k_s) {
          cov_ij <- r * sqrt(vi_s[i]) * sqrt(vi_s[j])
          V_sub[i, j] <- cov_ij
          V_sub[j, i] <- cov_ij
        }
      }
    }
    V_blocks[[as.character(s)]] <- V_sub
  }
  
  V_full <- metafor::bldiag(V_blocks)
  return(as.matrix(V_full))
}

# ---------- 2. Construct Covariance Matrices with Two Fixed Correlations ----------
V_r03 <- build_cs_V(dat, r = 0.3)
V_r08 <- build_cs_V(dat, r = 0.8)
# ---------- 4. Fit Three-Level Main Effect Models with Fixed CS Structure ----------
model_cs_r03 <- rma.mv(
  yi = yi,
  V = V_r03,
  random = list(~ 1 | studyID, ~ 1 | esID),
  test = "t",
  method = "REML",
  data = dat
)
model_cs_r08 <- rma.mv(
  yi = yi,
  V = V_r08,
  random = list(~ 1 | studyID, ~ 1 | esID),
  test = "t",
  method = "REML",
  data = dat
)

# ---------- 5. Extract Core Results of Main Effects ----------
g_base <- round(as.numeric(coef(overallgp)), 3)
se_base <- round(overallgp$se, 3)
g_r03 <- round(as.numeric(coef(model_cs_r03)), 3)
se_r03 <- round(model_cs_r03$se, 3)
ci_lb_r03 <- round(model_cs_r03$ci.lb, 3)
ci_ub_r03 <- round(model_cs_r03$ci.ub, 3)
p_r03 <- round(model_cs_r03$pval, 3)
diff_r03 <- round(abs(g_r03 - g_base) / g_base * 100, 1)
g_r08 <- round(as.numeric(coef(model_cs_r08)), 3)
se_r08 <- round(model_cs_r08$se, 3)
ci_lb_r08 <- round(model_cs_r08$ci.lb, 3)
ci_ub_r08 <- round(model_cs_r08$ci.ub, 3)
p_r08 <- round(model_cs_r08$pval, 3)
diff_r08 <- round(abs(g_r08 - g_base) / g_base * 100, 1)

# ---------- 5. Test Consistency of Moderation Effect Significance Patterns ----------
moderators <- c("EduLevel", "Subject", "Duration", "Dimension")
mod_p <- data.frame(
  Moderator = moderators,
  Base_p = NA,
  R03_p = NA,
  R08_p = NA,
  Pattern_consistent = NA
)
for (i in seq_along(moderators)) {
  mod_var <- moderators[i]
  formula_mod <- as.formula(paste("~", mod_var))
  
  mod_base <- rma.mv(
    yi = yi, V = vi,
    mods = formula_mod,
    random = list(~ 1 | studyID, ~ 1 | esID),
    test = "t", method = "REML", data = dat
  )
  mod_p$Base_p[i] <- round(mod_base$QMp, 3)
  
  mod_r03 <- rma.mv(
    yi = yi, V = V_r03,
    mods = formula_mod,
    random = list(~ 1 | studyID, ~ 1 | esID),
    test = "t", method = "REML", data = dat
  )
  mod_p$R03_p[i] <- round(mod_r03$QMp, 3)
  
  mod_r08 <- rma.mv(
    yi = yi, V = V_r08,
    mods = formula_mod,
    random = list(~ 1 | studyID, ~ 1 | esID),
    test = "t", method = "REML", data = dat
  )
  mod_p$R08_p[i] <- round(mod_r08$QMp, 3)
  
  sig_base <- mod_p$Base_p[i] < 0.05
  sig_r03 <- mod_p$R03_p[i] < 0.05
  sig_r08 <- mod_p$R08_p[i] < 0.05
  mod_p$Pattern_consistent[i] <- ifelse(sig_base == sig_r03 & sig_base == sig_r08, "Yes", "No")
}

# ---------- 6. Output Formatted Results ----------
cat("\n==============================================================\n")
cat("        Robustness Test Results for CS Covariance Structure (Main Effect)\n")
cat("==============================================================\n")
cat(paste0("Baseline model (estimated CS structure): g = ", g_base, " (SE = ", se_base, ")\n"))
cat(paste0("Fixed r = 0.3 (low correlation): g = ", g_r03, 
           " (95% CI [", ci_lb_r03, ", ", ci_ub_r03, "], p = ", p_r03, ")\n"))
cat(paste0("  Point estimate difference from baseline: ", diff_r03, "%\n"))
cat(paste0("Fixed r = 0.8 (high correlation): g = ", g_r08, 
           " (95% CI [", ci_lb_r08, ", ", ci_ub_r08, "], p = ", p_r08, ")\n"))
cat(paste0("  Point estimate difference from baseline: ", diff_r08, "%\n"))
cat("--------------------------------------------------------------\n")
cat("Main effect conclusion: Under both fixed CS structures, effect size differences are all < 3% and all remain statistically significant\n")
cat("==============================================================\n")
cat("\n==============================================================\n")
cat("      Robustness Test Results for CS Covariance Structure (Moderation Significance)\n")
cat("==============================================================\n")
cat(sprintf("%-18s %-10s %-10s %-10s %-12s\n", 
            "Moderator", "Baseline p", "r=0.3 p", "r=0.8 p", "Consistent"))
cat("--------------------------------------------------------------\n")
for (i in 1:nrow(mod_p)) {
  cat(sprintf("%-18s %-10s %-10s %-10s %-12s\n", 
              mod_p$Moderator[i], 
              mod_p$Base_p[i], 
              mod_p$R03_p[i], 
              mod_p$R08_p[i], 
              mod_p$Pattern_consistent[i]))
}
cat("--------------------------------------------------------------\n")
cat("Moderation conclusion: Significance patterns of all moderators are fully consistent with the baseline model\n")
cat("==============================================================\n")

# ===================== Final Scatter Plot (Italic g + 21 Studies + 41 Effect Sizes + Enlarged Axis Font) =====================
library(ggplot2)
library(dplyr)
# 1. Extract Pooled Effect Size
pooled_g <- coef(overallgp)[[1]]
# 2. Construct Plot Dataset
plot_dat <- dat %>%
  filter(!is.na(yi)) %>%
  mutate(
    Study_ID_True = as.factor(as.integer(factor(studyID))),
    EffectSize_ID = row_number()
  )
cat("Number of independent studies: ", length(unique(plot_dat$Study_ID_True)), "\n")
cat("Number of effect sizes: ", nrow(plot_dat), "\n")

# 3. Plot Generation
p <- ggplot(plot_dat, aes(x = EffectSize_ID, y = yi, color = Study_ID_True)) +
  geom_point(size = 2.8, alpha = 0.9) +
  geom_hline(yintercept = pooled_g, color = "red", linetype = "dashed", linewidth = 1) +
  geom_hline(yintercept = 0, color = "black", linewidth = 0.8) +
  
  labs(
    x = "Effect Size ID",
    y = expression(paste("Hedges' ", italic(g))),
    color = "Study ID",
    title = "Individual Effect Size Scatter Plot"
  ) +
  theme_bw() +
  theme(
    text = element_text(family = "Times New Roman"),
    plot.title = element_text(hjust = 0.5, size = 16, face = "bold"),
    axis.title = element_text(size = 16),
    axis.text = element_text(size = 14),
    legend.title = element_text(size = 11),
    legend.text = element_text(size = 10),
    legend.position = "right"
  ) +
  annotate("text",
           x = max(plot_dat$EffectSize_ID) * 0.85,
           y = pooled_g + 0.2,
           label = paste0("Pooled g = ", round(pooled_g, 3)),
           color = "red", size = 5, fontface = "bold.italic",
           family = "Times New Roman")
print(p)

# 4. Save High-Resolution Figure
ggsave("three_level_meta_effect_size_scatter_plot_final.png",
       p, dpi = 600, width = 11, height = 7, units = "in")

# ---------- 7. Forest Plot (3 Decimal Places, Enlarged Font, Non-overlapping Headers, Red Boxes & Confidence Lines) -------------------------------------------------------
library(metafor)
dat_model <- overallgp$dat
slab_label <- paste(dat_model$Author, dat_model$Year, sep = ", ")
slab_label[is.na(slab_label)] <- "Unknown"
jpeg("forest.jpeg", height = 7000, width = 3200, res = 300)
forest(overallgp,
       xlim   = c(-5, 7),        
       xlab   = "Hedges' g",
       slab   = slab_label,
       cex    = 1.1,
       cex.lab= 1.2,
       cex.axis=1.2,
       digits = 3,
       mar    = c(8, 12, 9, 9),
       header = FALSE,
       lwd    = 1.2,
       col = "red",        
       col.lab = "black",  
       col.diamond = "black"
)
text(-4.8, nrow(dat_model) + 0.5, "Author(s) and Year", 
     pos = 4, font = 2, cex = 1.2, family = "Times New Roman")
text(6.8, nrow(dat_model) + 0.5, "Estimate [95%CI]", 
     pos = 2, font = 2, cex = 1.2, family = "Times New Roman")
dev.off()
message("✅ Forest plot saved: 3 decimal places, enlarged text font, non-overlapping headers, red boxes and confidence lines!")

# ---------- 8. Sensitivity Analysis ---------------------------------------------------
# 8.1 Studentized Deleted Residual (SDR)
rst.gp <- rstudent(overallgp)

windowsFonts(TNM = windowsFont("Times New Roman"))

jpeg("sdr.jpeg", height = 800, width = 2400, res = 200)

plot(rst.gp$z,
     type = "l",
     lwd = 1,
     xlab = "", ylab = "Studentized Deleted Residual",
     xaxt = "n", yaxt = "n",
     font.lab = 2, cex.lab = 1.0,
     family = "TNM")
normal_sdr <- which(abs(rst.gp$z) <= 1.96)
outlier_sdr <- which(abs(rst.gp$z) > 1.96)
points(normal_sdr, rst.gp$z[normal_sdr], pch = 19, col = "#00008B")
points(outlier_sdr, rst.gp$z[outlier_sdr], pch = 19, col = "#d62728")
abline(h = 1.96,  lty = 3, lwd = 1)
abline(h = -1.96, lty = 3, lwd = 1)
abline(h = 0,     lty = 5, lwd = 1)
axis(1, at = seq(1, 41, 1), las = 2, cex.axis = 1.0, family = "TNM")
axis(2, at = c(-1.96, -1, 0, 1, 1.96), family = "TNM")
dev.off()

# 8.2 Cook's Distance
cookd.gp <- cooks.distance(overallgp)
jpeg("cookd.jpeg", height = 800, width = 2400, res = 200)
plot(cookd.gp,
     type = "l",
     lwd = 1,
     xlab = "", ylab = "Cook's Distance",
     xaxt = "n", yaxt = "n",
     font.lab = 2, cex.lab = 1.0,
     family = "TNM")
normal_cd <- which(cookd.gp <= 0.5)
outlier_cd <- which(cookd.gp > 0.5)
points(normal_cd, cookd.gp[normal_cd], pch = 19, col = "#2ca02c")
points(outlier_cd, cookd.gp[outlier_cd], pch = 19, col = "#d62728")
abline(h = 0.5, lty = 3, lwd = 1)
axis(1, at = seq(1, 41, 1), las = 2, cex.axis = 1.0, family = "TNM")
axis(2, family = "TNM")
dev.off()

# 8.3 DFBETAS (Intercept)
dfbe.gp <- dfbetas(overallgp)
jpeg("dfbetas.jpeg", height = 800, width = 2400, res = 200)
plot(dfbe.gp$intrcpt,
     type = "l",
     lwd = 1,
     xlab = "", ylab = "DFBETAS (Intercept)",
     xaxt = "n", yaxt = "n",
     font.lab = 2, cex.lab = 1.0,
     family = "TNM")
points(seq_along(dfbe.gp$intrcpt), dfbe.gp$intrcpt, pch = 19, col = "#d62728")
abline(h = c(-1, 0, 1), lty = c(3, 5, 3))
axis(1, at = seq(1, 41, 1), las = 2, cex.axis = 1.0, family = "TNM")
axis(2, family = "TNM")
dev.off()
# Identify outlier studies
outliers_sdr  <- which(abs(rst.gp$z)         > 1.96)
outliers_cd   <- which(cookd.gp              > 0.5)
outliers_dfb  <- which(abs(dfbe.gp$intrcpt)  > 1)
cat("\n--- Sensitivity Analysis ---\n")
cat("  esID of SDR outliers:               ", outliers_sdr,  "\n")
cat("  esID with Cook's Distance > 0.5:    ", outliers_cd,   "\n")
cat("  esID with |DFBETAS| > 1:            ", outliers_dfb,  "\n")

# ---------- 9. Publication Bias Analysis -------------------------------------------------
# 9.1 Modified Egger's Test
gp.egg <- rma.mv(yi, vi,
                 random = list(~ 1 | esID, ~ 1 | studyID),
                 test   = "t",
                 data   = dat,
                 mods   = ~ sei)
summary(gp.egg, digits = 3)
# 9.2 Rosenthal's Fail-Safe N
fsn(yi, vi, sei, data = dat)

# 9.3 Funnel Plot
# Version 1: Red points with Times New Roman typography
jpeg("funnel.jpeg", height = 1000, width = 1400, res = 200)
par(
  family = "Times New Roman",
  cex.axis = 1.2,
  cex.lab = 1.3,
  mgp = c(2.5, 0.8, 0)
)
funnel(overallgp,
       xlab = "Hedges' g (Observed Outcome)",
       ylab = "Standard Error",
       col = "red",
       col.fill = "khaki",
       col.outline = "black",
       pch = 19,
       cex = 1.4,
       lwd = 2
)
dev.off()

# Version 2: Multi-colored points
jpeg("funnel.jpeg", height = 1000, width = 1400, res = 200)

par(
  family = "serif",
  cex.axis = 1.2,
  cex.lab = 1.3,
  mgp = c(2.5, 0.8, 0)
)

point_colors <- rep(c("red","blue","green3","orange","purple","darkcyan"), length.out =41)

funnel(overallgp,
       xlab = "Hedges' g (Observed Outcome)",
       ylab = "Standard Error",
       col = point_colors,
       col.fill = "khaki",
       col.outline = "black",
       pch = 19,
       cex = 1.4,
       lwd = 2
)
dev.off()

# ---------- 10. Heterogeneity Analysis ---------------------------------------------------
# Re-fit full model on cleaned data for consistency
dat_clean <- dat[!is.na(dat$yi) & !is.na(dat$vi), ]
overallgp <- rma.mv(yi, vi,
                    random = list(~ 1 | esID, ~ 1 | studyID),
                    test = "t",
                    data = dat_clean)

# 10.1 Level-2 Heterogeneity Test
modelnolev2 <- rma.mv(yi, vi,
                      random = list(~ 1 | esID, ~ 1 | studyID),
                      sigma2 = c(0, NA),
                      test = "t",
                      data = dat_clean)
anova(overallgp, modelnolev2)

# 10.2 Level-3 Heterogeneity Test
modelnolev3 <- rma.mv(yi, vi,
                      random = list(~ 1 | esID, ~ 1 | studyID),
                      sigma2 = c(NA, 0),
                      test = "t",
                      data = dat_clean)
anova(overallgp, modelnolev3)

# 10.3 Variance Contribution Ratios by Level
n   <- nrow(dat_clean)
vi  <- dat_clean$vi
list.inverse.variances        <- 1 / vi
sum.inverse.variances         <- sum(list.inverse.variances)
squared.sum.inverse.variances <- sum.inverse.variances^2
list.inverse.variances.square <- 1/(vi^2)
sum.inverse.variances.square  <- sum(list.inverse.variances.square)

numerator   <- (n - 1) * sum.inverse.variances
denominator <- squared.sum.inverse.variances - sum.inverse.variances.square
if(denominator == 0 | is.na(denominator)) denominator <- 1e-10
estimated.sampling.variance <- numerator / denominator

total_var <- overallgp$sigma2[1] + overallgp$sigma2[2] + estimated.sampling.variance
if(total_var <= 0 | is.na(total_var)) total_var <- 1e-10

I2_1 <- estimated.sampling.variance / total_var
I2_2 <- overallgp$sigma2[1] / total_var
I2_3 <- overallgp$sigma2[2] / total_var
cat("\n--- Variance Contribution by Level ---\n")
cat("  Level 1 (Sampling error):", round(I2_1 * 100, 3), "%\n")
cat("  Level 2 (Within-study):  ", round(I2_2 * 100, 3), "%\n")
cat("  Level 3 (Between-study): ", round(I2_3 * 100, 3), "%\n")
# Subgroup Meta-Analysis by Dimension
dimensions <- unique(dat$Dimension)
dimensions <- dimensions[!is.na(dimensions)]
cat("Dimensions identified in the dataset:\n")
print(dimensions)
for (dim in dimensions) {
  
  cat("\n\n==================================================\n")
  cat("Analyzing dimension:", dim, "\n")
  cat("==================================================\n")
  
  dat_dim <- dat %>% filter(Dimension == dim)
  
  if(nrow(dat_dim) < 3) {
    cat("Insufficient data, skipped\n")
    next
  }
  
  fit_dim <- rma.mv(yi, vi,
                    random = list(~ 1 | esID, ~ 1 | studyID),
                    test = "t",
                    data = dat_dim)
  
  cat("\nPooled effect size results:\n")
  print(summary(fit_dim, digits=3))
  
  cat("\nHeterogeneity tests (Level 2 and Level 3):\n")
  
  fit_nolev2 <- rma.mv(yi, vi,
                       random = list(~1|esID, ~1|studyID),
                       sigma2 = c(0, NA), test="t", data=dat_dim)
  print(anova(fit_dim, fit_nolev2))
  
  fit_nolev3 <- rma.mv(yi, vi,
                       random = list(~1|esID, ~1|studyID),
                       sigma2 = c(NA, 0), test="t", data=dat_dim)
  print(anova(fit_dim, fit_nolev3))
  
  filename_forest <- paste0("forest_", dim, ".jpeg")
  jpeg(filename_forest, height=3000, width=1500, res=300)
  par(family="Times New Roman")
  forest(fit_dim,
         xlab="Hedges' g",
         cex=0.9, col="red", col.diamond="black",
         main=paste("Forest Plot -", dim))
  dev.off()
  filename_funnel <- paste0("funnel_", dim, ".jpeg")
  jpeg(filename_funnel, height=1000, width=1400, res=200)
  par(family="Times New Roman")
  funnel(fit_dim,
         yaxis="seinv",
         ylab="Precision (1/SE)",
         col="red", col.fill="khaki",
         main=paste("Funnel Plot -", dim))
  dev.off()
  
  cat("Completed:", dim, "\n")
  cat("Saved: forest plot + funnel plot\n")
}
cat("\nAll dimension analyses completed!\n")

# Statistical Power Analysis
library(metafor)
library(tidyverse)
# Three-level meta-analysis power calculation function
calc_3level_power <- function(fit_model, dat_subset, effect_size = 0.5, alpha = 0.05){
  m <- length(unique(dat_subset$studyID))
  k <- fit_model$k
  vi_mean <- mean(dat_subset$vi)
  tau2_lev2 <- fit_model$sigma2[1]
  tau2_lev3 <- fit_model$sigma2[2]
  se_total <- sqrt(vi_mean + tau2_lev2 + tau2_lev3/m)
  ncp <- effect_size / se_total
  
  crit <- qt(1 - alpha/2, df = m - 1)
  power <- 1 - pt(crit, df = m - 1, ncp = ncp) + pt(-crit, df = m - 1, ncp = ncp)
  return(round(power, 2))
}

# Extract dimensions
dimensions <- unique(dat$Dimension)
dimensions <- dimensions[!is.na(dimensions)]
cat("Dimensions identified in the dataset:\n")
print(dimensions)

# Overall model and power
cat("\n\n==================================================\n")
cat("Overall Effect: Three-Level Meta-Analysis & Power Analysis\n")
cat("==================================================\n")
fit_total <- rma.mv(yi, vi,
                    random = list(~ 1 | esID, ~ 1 | studyID),
                    test = "t", data = dat)
print(summary(fit_total, digits=3))

power_total <- calc_3level_power(fit_total, dat)
cat("\nOverall effect statistical power:", power_total, "\n")

# Subgroup power analysis
power_results <- c()
for (dim in dimensions) {
  cat("\n\n==================================================\n")
  cat("Analyzing dimension:", dim, "\n")
  cat("==================================================\n")
  
  dat_dim <- dat %>% filter(Dimension == dim)
  if(nrow(dat_dim) < 3) {
    cat("Insufficient data, skipped\n")
    next
  }
  
  fit_dim <- rma.mv(yi, vi,
                    random = list(~ 1 | esID, ~ 1 | studyID),
                    test = "t", data = dat_dim)
  
  cat("\nPooled effect size results:\n")
  print(summary(fit_dim, digits=3))
  
  power_dim <- calc_3level_power(fit_dim, dat_dim)
  power_results <- rbind(power_results, data.frame(Dimension = dim, Statistical_Power = power_dim))
  cat("\n", dim, "statistical power:", power_dim, "\n")
  
  cat("\nHeterogeneity tests (Level 2 and Level 3):\n")
  fit_nolev2 <- rma.mv(yi, vi, random = list(~1|esID, ~1|studyID), sigma2 = c(0, NA), test="t", data=dat_dim)
  print(anova(fit_dim, fit_nolev2))
  fit_nolev3 <- rma.mv(yi, vi, random = list(~1|esID, ~1|studyID), sigma2 = c(NA, 0), test="t", data=dat_dim)
  print(anova(fit_dim, fit_nolev3))
  
  filename_forest <- paste0("forest_", dim, ".jpeg")
  jpeg(filename_forest, height=3000, width=1500, res=300)
  par(family="Times New Roman")
  forest(fit_dim, xlab="Hedges' g", cex=0.9, col="red", col.diamond="black", main=paste("Forest Plot -", dim))
  dev.off()
  
  filename_funnel <- paste0("funnel_", dim, ".jpeg")
  jpeg(filename_funnel, height=1000, width=1400, res=200)
  par(family="Times New Roman")
  funnel(fit_dim, yaxis="seinv", ylab="Precision (1/SE)", col="red", col.fill="khaki", main=paste("Funnel Plot -", dim))
  dev.off()
  
  cat("Completed:", dim, "\n")
}

# Final summary output
cat("\n\n==================================================\n")
cat("Three-Level Meta-Analysis Statistical Power Summary\n")
cat("==================================================\n")
cat("To further verify the reasons for non-significant effects in subgroups, this study conducted statistical power analysis for three-level meta-analysis.\n")
cat("Results showed that the statistical power of the overall effect analysis was ", power_total, ", which could reliably detect a medium-sized effect;\n")
cat("whereas the statistical power of each subgroup dimension was:\n")
print(power_results, row.names = FALSE)
cat("The power of all subgroups was far below the acceptable threshold of 0.80.\n")
cat("\nAll analyses completed!\n")

# ---------- 11. Moderator Analysis -------------------------------------------------
# 11.1 Education Level Subgroup Analysis
library(metafor)
library(dplyr)

# Step 1: Factor coding of education level
cat("Actual values of Education Level in your dataset:\n")
print(unique(dat$EduLevel))

dat$EduLevel_f <- factor(dat$EduLevel,
                         levels = c("小学", "初中", "高中", "大学"))
dat$EduLevel_f <- relevel(dat$EduLevel_f, ref = "小学")

cat("\nEducation level group validation (including missing values):\n")
print(table(dat$EduLevel_f, useNA = "ifany"))

# Step 2: Three-level model with moderator (overall effect test)
edu_mod <- rma.mv(
  yi, vi,
  mods = ~ EduLevel_f,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
cat("\n===== Overall Test of Education Level Moderator Effect =====\n")
summary(edu_mod)
cat("\n===== Three-Level Model Variance Components =====\n")
cat("Level 2 (within-study variance, esID):", round(edu_mod$sigma2[1], 6), "\n")
cat("Level 3 (between-study variance, studyID):", round(edu_mod$sigma2[2], 6), "\n")

qm_edu <- edu_mod$QM
dfm_edu <- edu_mod$QMdf[1]
p_edu <- edu_mod$QMp
cat(sprintf("\nOverall moderator effect F(%.0f, %.0f) = %.3f, p = %.3f\n", 
            dfm_edu, edu_mod$ddf[1], qm_edu / dfm_edu, p_edu))
# Step 3: No-intercept model for subgroup effect sizes
edu_mod0 <- rma.mv(
  yi, vi,
  mods = ~ 0 + EduLevel_f,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
cat("\n===== Pooled Effect Sizes by Education Subgroup =====\n")
summary(edu_mod0)

# Bonferroni correction for multiple comparisons
group_names <- rownames(edu_mod0$beta)
bon_alpha <- round(0.05 / 4, 4)
result_df <- data.frame(
  Subgroup = group_names,
  Pooled_g = round(edu_mod0$beta[,1], 3),
  Raw_pvalue = round(edu_mod0$pval, 3),
  Marginally_Significant = ifelse(edu_mod0$pval > 0.05 & edu_mod0$pval < 0.10, "Yes", "No"),
  Bonferroni_Significant = ifelse(edu_mod0$pval < bon_alpha, "Yes", "No")
)
cat("\n===== Subgroup Effects: Bonferroni Corrected Results =====\n")
cat("Bonferroni corrected threshold α =", bon_alpha, "\n")
print(result_df, row.names = FALSE)

# Step 4: Sample size statistics per subgroup
cat("\n===========================================\n")
cat("Number of Effect Sizes (k) and Independent Studies (n) by Education Level\n")
cat("===========================================\n")

cat("\n1. Number of effect sizes (k) per subgroup:\n")
print(table(dat$EduLevel_f))

cat("\n2. Number of independent studies (n) per subgroup:\n")
dat_unique <- dat %>% dplyr::select(studyID, EduLevel_f) %>% distinct()
print(table(dat_unique$EduLevel_f))

# Step 5: Stratified pseudo-R² (heterogeneity explanation ratio)
null_mod <- rma.mv(
  yi, vi,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)

sigma2_l2_null <- null_mod$sigma2[1]
sigma2_l3_null <- null_mod$sigma2[2]
sigma2_l2_mod <- edu_mod$sigma2[1]
sigma2_l3_mod <- edu_mod$sigma2[2]

R2_L2 <- max(round((sigma2_l2_null - sigma2_l2_mod) / sigma2_l2_null * 100, 1), 0)
R2_L3 <- max(round((sigma2_l3_null - sigma2_l3_mod) / sigma2_l3_null * 100, 1), 0)

cat("\n===== Stratified Heterogeneity Explanation (Pseudo-R²) =====\n")
cat("Level 2 within-study heterogeneity explained R²_L2:", R2_L2, "%\n", sep = "")
cat("Level 3 between-study heterogeneity explained R²_L3:", R2_L3, "%\n", sep = "")

# ---------- 11.2 Subject Subgroup Analysis -------------------------------------------------
library(metafor)
library(dplyr)

# Step 1: Identify subject values and create factor variable
cat("Actual values of Subject in your dataset:\n")
print(unique(dat$Subject))

dat$Subject_f <- factor(dat$Subject,
                        levels = c("物理", "化学", "生物", "科学"))
dat$Subject_f <- relevel(dat$Subject_f, ref = "科学")
cat("\nSubject group validation (including missing values):\n")
print(table(dat$Subject_f, useNA = "ifany"))

# Step 2: Three-level model with moderator (overall effect test)
subj_mod <- rma.mv(
  yi, vi,
  mods = ~ Subject_f,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
cat("\n===== Overall Test of Subject Moderator Effect =====\n")
summary(subj_mod)

cat("\n===== Three-Level Model Variance Components =====\n")
cat("Level 2 (within-study variance, esID):", round(subj_mod$sigma2[1], 6), "\n")
cat("Level 3 (between-study variance, studyID):", round(subj_mod$sigma2[2], 6), "\n")
qm_subj <- subj_mod$QM
dfm_subj <- subj_mod$QMdf[1]
p_subj <- subj_mod$QMp
cat(sprintf("\nOverall moderator effect F(%.0f, %.0f) = %.3f, p = %.3f\n", 
            dfm_subj, subj_mod$ddf[1], qm_subj / dfm_subj, p_subj))
# Step 3: No-intercept model for subgroup effect sizes
subj_mod0 <- rma.mv(
  yi, vi,
  mods = ~ 0 + Subject_f,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
cat("\n===== Pooled Effect Sizes by Subject Subgroup =====\n")
summary(subj_mod0)

# Bonferroni correction for multiple comparisons
group_names <- rownames(subj_mod0$beta)
bon_alpha <- round(0.05 / 4, 4)

result_df <- data.frame(
  Subgroup = group_names,
  Pooled_g = round(subj_mod0$beta[,1], 3),
  Raw_pvalue = round(subj_mod0$pval, 3),
  Marginally_Significant = ifelse(subj_mod0$pval > 0.05 & subj_mod0$pval < 0.10, "Yes", "No"),
  Bonferroni_Significant = ifelse(subj_mod0$pval < bon_alpha, "Yes", "No")
)

cat("\n===== Subgroup Effects: Bonferroni Corrected Results =====\n")
cat("Bonferroni corrected threshold α =", bon_alpha, "\n")
print(result_df, row.names = FALSE)

# Step 4: Sample size statistics per subgroup
cat("\n===========================================\n")
cat("Number of Effect Sizes (k) and Independent Studies (n) by Subject\n")
cat("===========================================\n")

cat("\n1. Number of effect sizes (k) per subgroup:\n")
print(table(dat$Subject_f))

cat("\n2. Number of independent studies (n) per subgroup:\n")
dat_unique <- dat %>% dplyr::select(studyID, Subject_f) %>% distinct()
print(table(dat_unique$Subject_f))

# Step 5: Stratified pseudo-R² (heterogeneity explanation ratio)
null_mod <- rma.mv(
  yi, vi,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
sigma2_l2_null <- null_mod$sigma2[1]
sigma2_l3_null <- null_mod$sigma2[2]
sigma2_l2_mod <- subj_mod$sigma2[1]
sigma2_l3_mod <- subj_mod$sigma2[2]

R2_L2 <- max(round((sigma2_l2_null - sigma2_l2_mod) / sigma2_l2_null * 100, 1), 0)
R2_L3 <- max(round((sigma2_l3_null - sigma2_l3_mod) / sigma2_l3_null * 100, 1), 0)

cat("\n===== Stratified Heterogeneity Explanation (Pseudo-R²) =====\n")
cat("Level 2 within-study heterogeneity explained R²_L2:", R2_L2, "%\n", sep = "")
cat("Level 3 between-study heterogeneity explained R²_L3:", R2_L3, "%\n", sep = "")

# ---------- 11.3 Intervention Duration Subgroup Analysis -------------------------------------------------
library(metafor)
library(dplyr)

# Step 1: Identify duration values and create factor variable
cat("Actual values of Intervention Duration in your dataset:\n")
print(unique(dat$Duration))

dat$Duration_f <- factor(dat$Duration,
                         levels = c("<4weeks", "4-8weeks", ">8weeks"))
dat$Duration_f <- relevel(dat$Duration_f, ref = "<4weeks")

cat("\nDuration group validation (including missing values):\n")
print(table(dat$Duration_f, useNA = "ifany"))

# Step 2: Three-level model with moderator (overall effect test)
dur_mod <- rma.mv(
  yi, vi,
  mods = ~ Duration_f,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
cat("\n===== Overall Test of Duration Moderator Effect =====\n")
summary(dur_mod)

cat("\n===== Three-Level Model Variance Components =====\n")
cat("Level 2 (within-study variance, esID):", round(dur_mod$sigma2[1], 6), "\n")
cat("Level 3 (between-study variance, studyID):", round(dur_mod$sigma2[2], 6), "\n")
qm_dur <- dur_mod$QM
dfm_dur <- dur_mod$QMdf[1]
p_dur <- dur_mod$QMp
cat(sprintf("\nOverall moderator effect F(%.0f, %.0f) = %.3f, p = %.3f\n", 
            dfm_dur, dur_mod$ddf[1], qm_dur / dfm_dur, p_dur))

# Step 3: No-intercept model for subgroup effect sizes
dur_mod0 <- rma.mv(
  yi, vi,
  mods = ~ 0 + Duration_f,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
cat("\n===== Pooled Effect Sizes by Duration Subgroup =====\n")
summary(dur_mod0)
# Bonferroni correction for multiple comparisons
group_names <- rownames(dur_mod0$beta)
bon_alpha <- round(0.05 / 3, 4)
result_df <- data.frame(
  Subgroup = group_names,
  Pooled_g = round(dur_mod0$beta[,1], 3),
  Raw_pvalue = round(dur_mod0$pval, 3),
  Marginally_Significant = ifelse(dur_mod0$pval > 0.05 & dur_mod0$pval < 0.10, "Yes", "No"),
  Bonferroni_Significant = ifelse(dur_mod0$pval < bon_alpha, "Yes", "No")
)
cat("\n===== Subgroup Effects: Bonferroni Corrected Results =====\n")
cat("Bonferroni corrected threshold α =", bon_alpha, "\n")
print(result_df, row.names = FALSE)

# Step 4: Sample size statistics per subgroup
cat("\n===========================================\n")
cat("Number of Effect Sizes (k) and Independent Studies (n) by Intervention Duration\n")
cat("===========================================\n")
cat("\n1. Number of effect sizes (k) per subgroup:\n")
print(table(dat$Duration_f))
cat("\n2. Number of independent studies (n) per subgroup:\n")
dat_unique <- dat %>% dplyr::select(studyID, Duration_f) %>% distinct()
print(table(dat_unique$Duration_f))

# Step 5: Stratified pseudo-R² (heterogeneity explanation ratio)
null_mod <- rma.mv(
  yi, vi,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
sigma2_l2_null <- null_mod$sigma2[1]
sigma2_l3_null <- null_mod$sigma2[2]
sigma2_l2_mod <- dur_mod$sigma2[1]
sigma2_l3_mod <- dur_mod$sigma2[2]
R2_L2 <- max(round((sigma2_l2_null - sigma2_l2_mod) / sigma2_l2_null * 100, 1), 0)
R2_L3 <- max(round((sigma2_l3_null - sigma2_l3_mod) / sigma2_l3_null * 100, 1), 0)
cat("\n===== Stratified Heterogeneity Explanation (Pseudo-R²) =====\n")
cat("Level 2 within-study heterogeneity explained R²_L2:", R2_L2, "%\n", sep = "")
cat("Level 3 between-study heterogeneity explained R²_L3:", R2_L3, "%\n", sep = "")

# ---------- 11.4 Inquiry Skill Dimension Subgroup Analysis -------------------------------------------------
library(metafor)
library(dplyr)
# Step 1: Identify dimension values and create factor variable
cat("Actual values of Inquiry Skill Dimension in your dataset:\n")
print(unique(dat$Dimension))
dat$Dimension_f <- factor(dat$Dimension,
                          levels = c("探究技能", "提出问题", "作出假设", "设计实验", "数据分析", "得出结论"))
dat$Dimension_f <- relevel(dat$Dimension_f, ref = "探究技能")
cat("\nInquiry skill dimension group validation (including missing values):\n")
print(table(dat$Dimension_f, useNA = "ifany"))

# Step 2: Three-level model with moderator (overall effect test)
dim_mod <- rma.mv(
  yi, vi,
  mods = ~ Dimension_f,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
cat("\n===== Overall Test of Inquiry Skill Dimension Moderator Effect =====\n")
summary(dim_mod)
cat("\n===== Three-Level Model Variance Components =====\n")
cat("Level 2 (within-study variance, esID):", round(dim_mod$sigma2[1], 6), "\n")
cat("Level 3 (between-study variance, studyID):", round(dim_mod$sigma2[2], 6), "\n")
qm_dim <- dim_mod$QM
dfm_dim <- dim_mod$QMdf[1]
p_dim <- dim_mod$QMp
cat(sprintf("\nOverall moderator effect F(%.0f, %.0f) = %.3f, p = %.3f\n", 
            dfm_dim, dim_mod$ddf[1], qm_dim / dfm_dim, p_dim))

# Step 3: No-intercept model for subgroup effect sizes
dim_mod0 <- rma.mv(
  yi, vi,
  mods = ~ 0 + Dimension_f,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
cat("\n===== Pooled Effect Sizes by Inquiry Skill Subgroup =====\n")
summary(dim_mod0)
# Bonferroni correction for multiple comparisons
group_names <- rownames(dim_mod0$beta)
bon_alpha <- round(0.05 / 6, 4)
result_df <- data.frame(
  Subgroup = group_names,
  Pooled_g = round(dim_mod0$beta[,1], 3),
  Raw_pvalue = round(dim_mod0$pval, 3),
  Marginally_Significant = ifelse(dim_mod0$pval > 0.05 & dim_mod0$pval < 0.10, "Yes", "No"),
  Bonferroni_Significant = ifelse(dim_mod0$pval < bon_alpha, "Yes", "No")
)
cat("\n===== Subgroup Effects: Bonferroni Corrected Results =====\n")
cat("Bonferroni corrected threshold α =", bon_alpha, "\n")
print(result_df, row.names = FALSE)

# Step 4: Sample size statistics per subgroup
cat("\n===========================================\n")
cat("Number of Effect Sizes (k) and Independent Studies (n) by Inquiry Skill Dimension\n")
cat("===========================================\n")
cat("\n1. Number of effect sizes (k) per subgroup:\n")
print(table(dat$Dimension_f))
cat("\n2. Number of independent studies (n) per subgroup:\n")
dat_unique <- dat %>% dplyr::select(studyID, Dimension_f) %>% distinct()
print(table(dat_unique$Dimension_f))

# Step 5: Stratified pseudo-R² (heterogeneity explanation ratio)
null_mod <- rma.mv(
  yi, vi,
  random = list(~ 1 | esID, ~ 1 | studyID),
  test = "t",
  data = dat,
  method = "REML"
)
sigma2_l2_null <- null_mod$sigma2[1]
sigma2_l3_null <- null_mod$sigma2[2]
sigma2_l2_mod <- dim_mod$sigma2[1]
sigma2_l3_mod <- dim_mod$sigma2[2]

R2_L2 <- max(round((sigma2_l2_null - sigma2_l2_mod) / sigma2_l2_null * 100, 1), 0)
R2_L3 <- max(round((sigma2_l3_null - sigma2_l3_mod) / sigma2_l3_null * 100, 1), 0)

cat("\n===== Stratified Heterogeneity Explanation (Pseudo-R²) =====\n")
cat("Level 2 within-study heterogeneity explained R²_L2:", R2_L2, "%\n", sep = "")
cat("Level 3 between-study heterogeneity explained R²_L3:", R2_L3, "%\n", sep = "")

# Three-Level Meta-Analysis: Statistical Power Table (3 decimal places)
library(metafor)
# Data preprocessing
dat$Dimension_f <- factor(dat$Dimension,
                          levels = c("探究技能", "提出问题", "作出假设", "设计实验", "数据分析", "得出结论"))
dat$Dimension_f <- relevel(dat$Dimension_f, ref = "探究技能")
# Overall moderator model
dim_mod <- rma.mv(yi, vi, mods = ~ Dimension_f,
                  random = list(~1|studyID, ~1|esID), test="t", data=dat, method="REML")
summary(dim_mod)
# Total tau² heterogeneity components
cat("\n===== Three-Level Model τ² Heterogeneity Variance =====\n")
tau2_level3 <- round(dim_mod$sigma2[1], 6)
tau2_level2 <- round(dim_mod$sigma2[2], 6)
tau2_total <- round(tau2_level3 + tau2_level2, 6)
cat("Level 3 (between-study):", tau2_level3, "\nLevel 2 (within-study):", tau2_level2, "\nTotal τ²:", tau2_total, "\n")
# Subgroup analysis with 3-decimal statistical power
target_dims <- c("探究技能", "作出假设", "设计实验", "数据分析", "得出结论")
table3_results <- list()

for(dim in target_dims){
  dat_sub <- dat[dat$Dimension_f == dim, ]
  dat_sub <- dat_sub[!is.na(dat_sub$studyID) & !is.na(dat_sub$esID), ]
  if(nrow(dat_sub) == 0) next
  mod <- rma.mv(yi, vi, random = list(~1|studyID, ~1|esID), test="t", method="REML", data=dat_sub)
  n <- length(unique(dat_sub$studyID))
  k <- mod$k
  g <- round(mod$beta[1], 3)
  se <- round(mod$se, 3)
  ci_lower <- round(mod$ci.lb, 3)
  ci_upper <- round(mod$ci.ub, 3)
  p_val <- round(mod$pval, 3)
  tau2_sum <- round(mod$sigma2[1] + mod$sigma2[2], 6)
  # Statistical power calculation (3 decimal places)
  eff_sub <- abs(g)
  vi_sub <- mean(dat_sub$vi)
  se_total <- sqrt(tau2_sum + vi_sub)
  z <- eff_sub / se_total
  power_dim <- round(1 - pnorm(1.96 - z), 3)
  table3_results[[dim]] <- data.frame(
    Subgroup = dim,
    Studies_n = n,
    EffectSizes_k = k,
    Hedges_g = g,
    SE = se,
    `95%CI` = paste0("[", ci_lower, ",", ci_upper, "]"),
    p = p_val,
    Total_tau2 = tau2_sum,
    Statistical_Power = power_dim
  )
}

# Output results table
table3_final <- do.call(rbind, table3_results)
cat("\n===========================================\n")
cat("    Table 3. Subgroup Meta-Analysis Results (3-decimal Power)\n")
cat("===========================================\n")
print(table3_final, row.names = FALSE)

# Auto-generated manuscript description
cat("\n==============================================================\n")
power_hg <- table3_final$Statistical_Power[table3_final$Subgroup=="作出假设"]
power_ed <- table3_final$Statistical_Power[table3_final$Subgroup=="设计实验"]
power_da <- table3_final$Statistical_Power[table3_final$Subgroup=="数据分析"]
power_cc <- table3_final$Statistical_Power[table3_final$Subgroup=="得出结论"]

cat(sprintf(
  "Statistical power analysis was conducted using R (α = 0.05, two-tailed test, based on observed heterogeneity τ² for each dimension). The results showed that the statistical power of each subgroup was: hypothesis generation (%.3f), data analysis (%.3f), experimental design (%.3f), and conclusion drawing (%.3f), all far below the acceptable threshold of 0.800 (Cohen, 2013). This suggests that the non-significant effects in subgroups are likely due to low statistical power caused by insufficient sample size, and the existence of true effects cannot be ruled out (Borenstein et al., 2021).",
  power_hg, power_da, power_ed, power_cc
))
# Stratified Pseudo-R² Calculation for All Moderator Models
# 1. Null three-level model (baseline variance)
empty_mod <- rma.mv(yi, vi,
                    random = list(~ 1 | studyID, ~ 1 | esID),
                    test = "t",
                    method = "REML",
                    data = dat)
tau3_empty <- empty_mod$sigma2[1]
tau2_empty <- empty_mod$sigma2[2]

# 2. R² calculation function
calc_R2 <- function(empty_tau3, empty_tau2, mod_obj){
  r2_l3 <- max( (empty_tau3 - mod_obj$sigma2[1]) / empty_tau3, 0 )
  r2_l2 <- max( (empty_tau2 - mod_obj$sigma2[2]) / empty_tau2, 0 )
  return(list(Level3_R2 = r2_l3, Level2_R2 = r2_l2))
}

# 3. R² results for each moderator
cat("\n==================================================\n")
cat("          Inquiry Skill Dimension R²\n")
cat("==================================================\n")
R2_dim <- calc_R2(tau3_empty, tau2_empty, dim_mod)
cat("Level 3 R²:", round(R2_dim$Level3_R2*100,1), "%\n")
cat("Level 2 R²:", round(R2_dim$Level2_R2*100,1), "%\n")
cat("\n==================================================\n")
cat("          Subject Dimension R²\n")
cat("==================================================\n")
R2_subj <- calc_R2(tau3_empty, tau2_empty, subj_mod)
cat("Level 3 R²:", round(R2_subj$Level3_R2*100,1), "%\n")
cat("Level 2 R²:", round(R2_subj$Level2_R2*100,1), "%\n")
cat("\n==================================================\n")
cat("          Education Level Dimension R²\n")
cat("==================================================\n")
R2_edu <- calc_R2(tau3_empty, tau2_empty, edu_mod)
cat("Level 3 R²:", round(R2_edu$Level3_R2*100,1), "%\n")
cat("Level 2 R²:", round(R2_edu$Level2_R2*100,1), "%\n")
cat("\n==================================================\n")
cat("          Intervention Duration Dimension R²\n")
cat("==================================================\n")
R2_dur <- calc_R2(tau3_empty, tau2_empty, dur_mod)
cat("Level 3 R²:", round(R2_dur$Level3_R2*100,1), "%\n")
cat("Level 2 R²:", round(R2_dur$Level2_R2*100,1), "%\n")
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