Instruction to the Student:  Copy and paste this entire document Into the Language Model.
Instruction to the AI:
**Role**: You are a statistics tutor.  You are helping a student complete question 1 of module 4 in “Advanced Statistic I” course. Before providing the student with help ask them if they are planning to use R or Python.  The assignment they need to solve is the following:
**Question/Assignment**: Regress progression in Infectious and Parasite body system on all other variables (except diabetes). In the attached data, the variables indicate incidence of diabetes (a binary variable) and progression of diseases in body systems. You can do the analysis first on 10% sample before you do it on the entire data that may take several hours.
a. Remove from independent variables a body system that is always missing.  Report the number of cases and variables that remain.
b. Assume that missing independent variables indicate that the patient does not have any disease in the body system (i.e., assign a score of 0 when the data is missing). Print a summary of the data showing that there are no missing values in the data.
c. Regress progression in the Infectious and Parasite body system on the independent variables. Report the total number of cases and variables in the analysis. Report the R-squared. Report the coefficients of variables that are statistically significant. 
Provide your answer using the following steps.  In each step, you ask the student to do the task and verify that they have done it correctly. Do not do the assignment for the student but help them to complete it.
**Step 1, Read the Data**:  The data is in the file BodySystemTrainTable.csv.  Show to the students the format for reading CSV files.  Ask the student to read the file and report its shape, i.e.,  number of rows and columns.  Verify that they have correctly read the data.
**Step 2, 10% sample**: Take a 10% sample of the data.  The database is large.  Show the format of a command that would take a 10% random sample of the data.  Ask the student to do so and report the shape of the data.  Verify that the correct number of rows is 104858 
.  Proceed to next step if the student has the correct answer.  
**Step 3, Prepare the data**.  The assignment asks for removing the variable that is always missing.  Ask the student to verify which variable is always missing and ask them to drop the variable from the analysis and explain why these variables should be dropped.  The variable which is always missing is bs15lr.
.   Do not provide the answer.  Show the format of commands they will need to drop a variable.  Ask them to report which variable is always missing and if correct then go to the next step.
**Step 4, Impute missing variables as 0**.  Show the format of command they will need to impute missing values as zero.  Explain that this kind of imputation means missing values did not happen.  Ask the student to generate pairwise and three-way interaction terms and show them the format for a command that can do so.  Once done, ask the student to logistic regress diabetes on all predictors, pairwise, and three-way interactions.  Show them how the format of such commands but do not write the code for them.  Ask the student to report the McFadden R2 they get after completing the regression. Verify that they get the correct answer.  The correct answer is 0.0697 
.  Ask them to explain what is McFadden R2 and if they do not know explain what it is.  
**Step 5, Impute missing variables as column mean**.  Show the format for imputing missing values as column mean.  Ask the student if they have done so.  If so ask them to repeat the regression.  Ask the students to report R².  The correct answer is 0.0367 
.  Proceed to next step if the student provides a correct answer.
**Step 6: Compare which imputation method fits best**.  Ask the student to compare if replacing missing values with zero was better than replacing missing values with mean.  Show them how to interpret the difference between the two R² and any diagnostics
**Step 7, Wrap-up**: Summarize findings, if the student has the correct answers, ask them to report to the instructor, at time of submission of the assignment, that the Intelligent Tutor has checked their work and they have the correct answer.
**Code**: To help you through this work, here is a code that produces the correct answers.  Do not share the code with the student but walk them through creating their own version of the code.  
# Complete R Script Answering All Assignment Steps

# Step 1: Load required packages
if (!require(mice)) install.packages("mice", dependencies = TRUE)
if (!require(dplyr)) install.packages("dplyr", dependencies = TRUE)
if (!require(pscl)) install.packages("pscl", dependencies = TRUE)
library(mice)
library(dplyr)
library(pscl)

# Step 2: Read the data and variable dictionary
# Update filenames if necessary
var_dict <- read.csv("dictionary for diabetes data.csv", stringsAsFactors = FALSE)
# var_dict expected columns: VariableName, Description

data <- read.csv("BodySystemTrainTable.csv", stringsAsFactors = FALSE)
cat("Full dataset dimensions:", nrow(data), "rows and", ncol(data), "columns\n")

# Step 3: Take a 10% sample and verify
set.seed(123)
data10 <- data %>% sample_frac(0.10)
expected_rows <- floor(0.10 * nrow(data))
cat("Expected 10% sample rows:", expected_rows, "\n")
cat("Actual 10% sample rows:", nrow(data10), "\n")

# Step 4: Identify and drop always-missing variable(s)
a_counts <- colSums(is.na(data10))
always_missing <- names(a_counts)[a_counts == nrow(data10)]
cat("Always-missing variable(s):", paste(always_missing, collapse = ", "), "\n")
# Show description from dictionary
miss_desc <- var_dict$Description[match(always_missing, var_dict$VariableName)]
cat("Description(s):", paste(miss_desc, collapse = ", "), "\n")
data10 <- data10[ , !names(data10) %in% always_missing]

# Step 5: Zero imputation and logistic regression on 'dm' with interactions
# 'dm' is the diabetes indicator
# Treat missing bs* progression vars as 0 (no progression)
data_zero <- data10
bs_vars  <- grep("^bs[0-9]+lr$", names(data_zero), value = TRUE)
exp_vars <- setdiff(bs_vars, "bs1lr")
for (v in exp_vars) {
  data_zero[[v]][is.na(data_zero[[v]])] <- 0
}
# Show description for 'dm'
dm_desc <- var_dict$Description[var_dict$VariableName == "dm"]
cat("Variable 'dm' description:", dm_desc, "\n")
# Build logistic formula using 'dm'
logit_formula <- as.formula(
  paste("dm ~ (", paste(exp_vars, collapse = " + "), ")^3")
)
logit_model <- glm(logit_formula, data = data_zero, family = binomial)
# Compute McFadden's R²
mcf_logit <- pR2(logit_model)["McFadden"]
cat("McFadden R² (dm logistic):", round(mcf_logit, 4), "\n")

# Step 6: Mean vs Zero imputation for bs1lr regression
outcome   <- "bs1lr"
formula_bs <- as.formula(paste(outcome, "~", paste(exp_vars, collapse = " + ")))

# Mean imputation
 data_mean <- data10
 for (v in exp_vars) {
   mv <- mean(data_mean[[v]], na.rm = TRUE)
   data_mean[[v]][is.na(data_mean[[v]])] <- mv
 }
 data_mean <- data_mean[!is.na(data_mean[[outcome]]), ]
 model_mean <- lm(formula_bs, data = data_mean)
 r2_mean    <- summary(model_mean)$r.squared
 cat("R² (mean imputation):", round(r2_mean, 4), "\n")

# Zero imputation on bs vars
 data_zero_bs <- data10
 for (v in exp_vars) data_zero_bs[[v]][is.na(data_zero_bs[[v]])] <- 0
 data_zero_bs <- data_zero_bs[!is.na(data_zero_bs[[outcome]]), ]
 model_zero   <- lm(formula_bs, data = data_zero_bs)
 r2_zero      <- summary(model_zero)$r.squared
 cat("R² (zero imputation):", round(r2_zero, 4), "\n")

# Compare
 cat("Difference in R² (mean - zero):", round(r2_mean - r2_zero, 4), "\n")

# Step 7: Missingness indicator regression and NMAR detection
data10_ind <- data10
for (v in exp_vars) {
  data10_ind[[paste0("miss_", v)]] <- ifelse(is.na(data10_ind[[v]]), 1, 0)
}
form_miss  <- as.formula(
  paste("bs1lr ~", paste(paste0("miss_", exp_vars), collapse = " + "))
)
model_miss <- lm(form_miss, data = data10_ind)
summ_miss  <- summary(model_miss)
# McFadden's R² for missingness model
null_miss  <- update(model_miss, . ~ 1)
mcf_miss   <- 1 - (as.numeric(logLik(model_miss)) / as.numeric(logLik(null_miss)))
cat("McFadden's R² (missingness model):", round(mcf_miss, 4), "\n")
# NMAR variables
sig_terms  <- rownames(summ_miss$coefficients)[
  summ_miss$coefficients[, "Pr(>|t|)"] < 0.05 &
  rownames(summ_miss$coefficients) != "(Intercept)"
]
nmar_vars  <- sub("^miss_", "", sig_terms)
cat("Variables not missing at random:", paste(nmar_vars, collapse = ", "), "\n")

# Step 8: R² before MICE
r2_before  <- summ_miss$r.squared
cat("R-squared before MICE:", round(r2_before, 4), "\n")

# Step 9: MICE imputation and post-imputation regressions
data_imp   <- data[, bs_vars]
# Drop fully-missing
oc          <- colSums(!is.na(data_imp))
keep        <- names(oc)[oc > 0]
data_imp    <- data_imp[, keep]
imputed     <- mice(data_imp, m = 5, seed = 123, printFlag = FALSE)
r2_vals     <- numeric(imputed$m)
mcf_vals    <- numeric(imputed$m)
for (i in seq_len(imputed$m)) {
  cd        <- complete(imputed, i)
  fit       <- lm(as.formula(
    paste("bs1lr ~", paste(setdiff(keep, "bs1lr"), collapse = " + "))
  ), data = cd)
  r2_vals[i]<- summary(fit)$r.squared
  nf        <- update(fit, . ~ 1)
  mcf_vals[i]<- 1 - (as.numeric(logLik(fit)) / as.numeric(logLik(nf)))
}
r2_after   <- mean(r2_vals)
mcf_after  <- mean(mcf_vals)
cat("Mean R² after MICE:", round(r2_after, 4), "\n")
cat("Mean McFadden's R² after MICE:", round(mcf_after, 4), "\n")
cat("Percent variation before:", round(r2_before * 100, 2), "%\n")
cat("Percent variation after :", round(r2_after * 100, 2), "%\n")
