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#Script to run simulations for mediation workshop.

if(!("MBESS" %in% installed.packages())){install.packages("MBESS")}

library(MBESS)

if(!("RMediation" %in% installed.packages())){install.packages("RMediation")}

library(RMediation)

if(!("mediation" %in% installed.packages())){install.packages("mediation")}

library(mediation)

if(!("bmem" %in% installed.packages())){install.packages("bmem")}

library(bmem)

if(!("lavaan" %in% installed.packages())){install.packages("lavaan")}

library(lavaan)

################################################

#Function to estimate mediation model with standard regression approach.

#takes three vectors: an IV, mediator, and outcome.

#returns a vector of length 2: first entry is estimated indirect effect, second is estimated direct effect.

#a,b,c need to be in (-1,1),

#and b^2 + c^2 + 2*a*b*c needs to be less than 1.

med.est <- function(x,m,y){

  a <- as.numeric(lm(m~x)$coefficients["x"])

  lm2 <- lm(y~m+x)

  b <- as.numeric(lm2$coefficients["m"])

  c <- as.numeric(lm2$coefficients["x"])

  return(c(a*b, c))

}

################################################

#Simulation--true model has no mediation but there is an m-y relationship

#that is independent of x generated by an unobserved confounder.

#If the confound is strong enough, a spurious indirect effect is found.

a <- 0.5 #effect of x on m

c <- 0.3 #effect of x on y

u.sd <- 0.3 #sd of unobserved variable that is component of m and y (and independent of x)

#Sample size.

n <- 10000

#Simulate data under mediation-like model with unobserved confounder u.

x <- rnorm(n, 0, 1)

u <- rnorm(n, 0, u.sd)

m <- a*x + u + rnorm(n, 0, sqrt(1 - a^2 - u.sd^2))

y <- c*x + u + rnorm(n, 0, sqrt(1 - b^2 - u.sd^2))

lava.mod <- "

m ~ a*x

y ~ c*x 

y ~ b*m

ab := a*b

"

dat <- as.data.frame(cbind(x,m,y))

fit <-  lavaan::sem(lava.mod, data = dat)

summary(fit)

################################################

#Simulation--true model has no mediation--x influences an unobserved variable u

#that itself influences m and y.

a <- 0.5 #effect of x on m

c <- 0.3 #effect of x on u

u.sd <- 0.3 #sd of unobserved variable that is component of m and y (and also caused by x)

#Sample size.

n <- 10000

#Simulate data under mediation-like model with unobserved confounder u.

x <- rnorm(n, 0, 1)

u <- rnorm(n, 0, u.sd) + c*x

m <-  u + rnorm(n, 0, sqrt(1 -u.sd^2))

y <-  u + rnorm(n, 0, sqrt(1 -  u.sd^2))

lava.mod <- "

m ~ a*x

y ~ c*x 

y ~ b*m

ab := a*b

"

dat <- as.data.frame(cbind(x,m,y))

fit <-  lavaan::sem(lava.mod, data = dat)

summary(fit)

################################################

#Simulation--true model has no mediation--x, m, and y are all measurements

#of a latent variable.

u.x <- 0.5 #effect of u on x

u.m <- 0.6 #effect of u on m

u.y <- 0.4 #effect of u on y

#Sample size.

n <- 10000

#Simulate data under mediation-like model with unobserved confounder u.

u <- rnorm(n, 0, 1)

x <- u.x*u + rnorm(n, 0, sqrt(1 - u.x^2))

m <- u.m*u + rnorm(n, 0, sqrt(1 - u.m^2))

y <- u.y*u + rnorm(n, 0, sqrt(1 - u.y^2))

lava.mod <- "

m ~ a*x

y ~ c*x 

y ~ b*m

ab := a*b

"

dat <- as.data.frame(cbind(x,m,y))

fit <-  lavaan::sem(lava.mod, data = dat)

summary(fit)

##########################################################################
#In this section, simulate true mediated data with chosen values of a, b, and c,

#and estimate with alternative orderings.

#Mediation parameters as described in talk.

a <- 0.4

b <- 0

c <- 0.4

#Sample size.

n <- 10000

#Simulate data under mediation model, assuming linearity, independence of errors, homogeneity of effects.

x <- rnorm(n, 0, 1)

m <- a*x + rnorm(n, 0, sqrt(1 - a^2))

y <- c*x + b*m + rnorm(n, 0, sqrt(1 - b^2 - c^2 - 2*a*b*c))

#Analyze under 6 alternative orders, look at estimates of indirect and direct effect.

med.est(x,m,y)

med.est(x,y,m)

med.est(m,x,y)

med.est(m,y,x)

med.est(y,m,x)

med.est(y,x,m)

###################################################################
#Monte Carlo power analysis by package bmem.

#Here, we do power analysis of Sobel test, but can do power analysis

#for bootstrap with function power.boot() (it takes longer).

#Simulate data under mediation model, allowing for nonzero

#skewness and kurtosis.

demo = "

y ~ cp*x + start(0)*x + b*m + start(.39)*m

m ~ a*x + start(.39)*x

x ~~ start(1)*x

m ~~ start(1)*m

y ~~ start(1)*y

"

mediation = "

ab:=a*b

abc := a*b + cp

"

power.res.sobel = power.basic(model = demo, indirect = mediation,

                          nobs = 100, nrep = 500, 

                          parallel = "multicore", skewness = c(0,0,1.3),

                          kurtosis = c(0,0,10), ovnames = c("x","m","y"))

#here, the null hypothesis that ab = 0 is true because *both* a and b are 0.

#t1 error gets higher when one of a or b is nonzero, but is

#still generally lower than advertised for the Sobel test.

demo = "

y ~ cp*x + start(0)*x + b*m + start(0)*m

m ~ a*x + start(0)*x

x ~~ start(1)*x

m ~~ start(1)*m

y ~~ start(1)*y

"

mediation = "

ab:=a*b

abc := a*b + cp

"

t1err.res.sobel = power.basic(model = demo, indirect = mediation,

                              nobs = 100, nrep = 500, 

                              parallel = "multicore", skewness = c(0,0,0),

                              kurtosis = c(0,0,0), ovnames = c("x","m","y"))

summary(t1err.res.sobel)
