Marta San Luciano Palenzuela
MEDIATION HOMEWORK
Specify a hypothesis regarding a binary exposure, a continuous mediator, and a continuous outcome.  Specify how each variable affects its children (i.e., how the exposure influences the mediator) and the distribution of the random or unmeasured determinants of the child variables. 
Using the software of your choice, generate a population with 10000 people under a causal structure consistent with this hypothesized causal structure. Use a conventional Baron-Kenny decomposition to estimate the direct and indirect effects of the exposure on the outcome.  
**Mediation

*first example, no confounder variable
clear
set seed 89797
set obs 1000

gen x=runiform()<0.5 //x is a binary variable

gen e=rnormal(0,1) //random error term for m

gen m=10 + 0.25*x + e //m is a continuous mediator affected by the exposure

gen e2=rnormal(2,0.5) // random error term for y

gen y = 15 + 2*x + 0.75*m +e2  //causal structure

**Baron-Kenny Decomposition

	**Estimating the total effect
	regress y x
	scalar total_effect_est=_b[x] //=2.16
	
	**Estimating the direct effect
	regress y x m  //DE is the coefficient for X, which is 2.02
	scalar direct_effect_est=_b[x]
	scalar mediator_effect=_b[m]
	
	**Estimating the indirect effect
	*Difference method
	lincom total_effect_est - direct_effect_est //=0.14
	
	*Product method
	regress m x //IE=coefficient for x  * coefficient for X from first model
	scalar est_indirect = _b[x]
	
	lincom est_indirect*mediator_effect //=0.14
	
	*using paramed
	paramed y, avar(x) mvar(m) a0(0) a1(1) m(0) yreg(linear) mreg(linear) nointer bootstrap seed(1234)

            |   Estimate     Std Err   P>|z|   [95% Conf   Interval]
-------------+-------------------------------------------------------
         cde |  2.0257048   .03211972   0.000   1.9627501   2.0886594
         nie |  .14235839   .04691092   0.002   .05041299   .23430379
          te |  2.1680632   .05668654   0.000   2.0569576   2.2791688


		
Now introduce a confounder of the mediator and outcome (C) into your causal model.  Define the new causal models and simulate a new data set.  Use a conventional decomposition without control for the confounder first and then with control for the confounder to derive estimates of the direct and indirect effects of exposure on outcome. 
**Introducing a confounder
clear
set seed 56788
set obs 1000

gen x=runiform()<0.5 //x is a binary variable
gen c=rnormal() //c is a confounder
gen e=rnormal(0,1) //random error term for m
gen m=10+0.25*x + c + e
gen e2=rnormal(2,0.5) // random error term for y
gen y=15 + 2*x  + 0.75*m + 2*c + e2 //causal structure

	*(marginal)total effect
	regress y x c
	scalar total_effect_est = _b[x] //=2.15
	dis total_effect_est
	
	*natural direct effect
	regress y x m c
	scalar direct_effect_est = _b[x] //=1.96
	dis direct_effect_est
	
	*natural indirect effect, difference method
	dis total_effect_est - direct_effect_est //0.1864
	
	*natural indirect effect, product method
	regress m x c
	scalar mediator_effect1_est = _b[x]
	regress y x m c
	scalar mediator_effect2_est = _b[m]
	
	dis mediator_effect1_est*mediator_effect2_est //0.1864
	
*not accounting for the confounder	
regress y x m c 
scalar direct_effect_est=_b[x] //natural direct effect 1.97 
dis direct_effect_est

regress y m x 
scalar biased_direct_effect_est = _b[x]
dis biased_direct_effect_est //=1.78 (different than 0.1864)

regress y x
scalar total_effect_est=_b[x]
dis total_effect_est //=2.28 (biased)

paramed y, avar(x) mvar(m) a0(0) a1(1) m(0) yreg(linear) mreg(linear) cvars(c) //it works!
[bookmark: _GoBack]
            |   Estimate     Std Err   P>|z|   [95% Conf   Interval]
-------------+-------------------------------------------------------
         cde |   2.160856   .23338494   0.000   1.7034215   2.6182905
         nde |  1.9691467   .03301688   0.000   1.9044337   2.0338598
         nie |  .18399918   .04932692   0.000   .08731841   .28067995
         mte |  2.1531459   .05944617   0.000   2.0366314   2.2696604

Create a new version of the mediator that represents a badly measured version of that variable, for example by taking the original variable and adding some random noise to it.  Now use that mediator to evaluate the direct and indirect effects. 

**Badly measured mediator
gen m_measured=m+rnormal()*0.5
sum

*redo above
	*total effect
	regress y x c
	scalar total_effect_est = _b[x] //=2.15
	dis total_effect_est
	
	*direct effect
	regress y x m_measured c
	scalar direct_effect_est = _b[x] //=1.988 - a little different
	dis direct_effect_est
	
	*indirect effect, difference method
	dis total_effect_est - direct_effect_est //0.164 - a little different
	
	*indirect effect, product method
	regress m_measured x c
	scalar mediator_effect1_est = _b[x]
	regress y x m_measured c
	scalar mediator_effect2_est = _b[m]
	
	dis mediator_effect1_est*mediator_effect2_est //0.164

Now try estimating the CDE: 
(1) make an identifier for your data (in stata, "gen id=_n")
(2) make 3 copies of every observation (in stata, use "expand 3"); now you have 2 fake copies of each observation and one real copy.
(3) for the first "fake" copy of each observation, set x to 0 and m to 0 and y to .  (missing)
(4) for the second "fake" copy of each observation, set x to 1, m to 0 and y to . (missing)
(5) estimate a regression model predicting the outcome as a function of exposure, mediator, the interaction of the exposure and mediator,  and the mediator-outcome confounder (C), using only the real observations.
(6) for the first fake copy of each observation, use the predict statement to predict the counterfactual value of y,    setting x to 0 and m to 0
(7) for the second fake copy of each observation, use the predict statement to predict the counterfactual value of y    setting x to 1 and m to 0
(8) estimate the controlled direct effect of x on y, setting m to 0
**Estimating the CDE
gen id= _n //identifier for the data
expand 3 //making 3 copies of every observation
sort id
by id:gen copy=_n

	*for the first  "fake" copy of each observation, set x to 0, m to 0 and y to . :
	replace x=0 if copy==2
	replace m=0 if copy==2
	replace y=. if copy==2 
	
	*for second fake copy, set x to 1, m to 0 and y to missing
	replace x=1 if copy==3
	replace m=0 if copy==3
	replace y=. if copy==3
	
	*regression model predicting y as function of x, m, x*m, c using real obs
	gen xm=m*x
	regress y x m x*m c if copy==1
	
	
	*predicting the counterfactual value of y setting x to0 and m to 0
	predict cf_y_x0_m0 if copy==2
	
	*predicting the counterfacturl value of y setting x to 1 and m to 0
	predict cf_y_x1_m0 if copy==3
	
	*Average value of y if x=0 and m=0
	sum cf_y_x0_m0 if copy==2
	scalar mean_cf_y_x0_m0=r(mean) //=16.744
	
	*Average value of y if x=1 and m=0
	sum cf_y_x1_m0 if copy==3
	scalar mean_cf_y_x1_m0=r(mean) //=18.905
	
	*Estimating the direct effect of x on y, setting m to 0:
	dis (mean_cf_y_x1_m0-mean_cf_y_x0_m0,.001) //= 2.161

	*Comparing to paramed: 
	paramed y, avar(x) mvar(m) a0(0) a1(1) m(0) yreg(linear) mreg(linear) cvars(c) //it works, again! /*
	//CDE=2.16

    |   Estimate     Std Err   P>|z|   [95% Conf   Interval]
-------------+-------------------------------------------------------
         cde |   2.160856   .23338494   0.000   1.7034215   2.6182905
         nde |  2.0949589   .15619559   0.000   1.7888155   2.4011022
         nie | -.09893509   .13197215   0.453  -.35760051   .15973033
         mte |  1.9960238   .20677785   0.000   1.5907392   2.4013084

/* Bonus hw if you're having fun. 
Go back to your original data (before you calculated the CDE
(1) make an identifier for your data (in stata, "gen id=_n")
(2) make 3 copies of every observation (in stata, use "expand 3"); now you have 2 fake copies of each observation and one real copy.
(3) for the first "fake" copy of each observation, set x to 0 and m to . and y to . 
(4) for the second "fake" copy of each observation, set x to 1, m to . and y to .
(5) estimate a regression model predicting the mediator as a function of x and c, using only the real observations
(6) predict cf_m_x0 in the first fake copy
(7) predict cf_m_x1 in the second fake copy
(8) estimate a regression model predicting the outcome as a function of exposure, mediator, the interaction of the exposure and mediator,  and the mediator-outcome confounder (C), usin gonly the real observation
(9) in the first fake copy, set m to cf_m_x0 and set x to 1
(10) in the second fake copy, set m to cf_m_x1 
(11) in the first fake copy,  predict y based on the regression model in (8), to estimate cf_y_x1_cf_m_x0
(12) in the second fake copy, predict y based on the regression model in (8), to estimate cf_y_x1_cf_m_x1
(13) estimate the natural indirect effect of x on y, mediated by m
*Bonus if having fun (I wouldn't call it fun, though)
*initial data:
clear
set seed 56788
set obs 1000

gen x=runiform()<0.5 //x is a binary variable
gen c=rnormal() //c is a confounder
gen e=rnormal(0,1) //random error term for m
gen m=10+0.25*x + c + e
gen e2=rnormal(2,0.5) // random error term for y
gen y=15 + 2*x  + 0.75*m + 2*c + e2 //causal structure
		
*identifier:
gen id=_n
		
*generating copies:
expand 3
sort id
by id: gen copy=_n

*first fake copy, x=0, m=. and y.		
replace x=0 if copy==2
replace m=. if copy==2
replace y=. if copy==2
*second fake copy, x=1, m=., y=.
replace x=1 if copy==3
replace m=. if copy==3
replace y=. if copy==3

*regression model predicting mediator as function of x and c using real obs
reg m x c if copy==1

*predicting cf_m_xo in first fake copy (copy=2)
predict cf_m_x0 if copy==2

*predicting cf_m_x1 in second fake copy (copy=3)
predict cf_m_x1 if copy==3

*regression model predicting y as function of x, m and interaction x*m and c, with real obs
gen mx=m*x
reg y x m mx c if copy==1

*in first fake copy,  set m to cf_m_x0 and set x to 1
replace m=cf_m_x0 if copy==2
replace x=1 if copy==2
replace mx=m*x if copy==2

*in second fake copy, set m to cf_m_x1
replace m=cf_m_x1 if copy==3
replace mx=m*x

*in first fake copy, predict y based on the regression model, to estimate cf_y_x1_cf_m_x0
reg y x m mx c if copy==1
predict cf_y_x1_cf_m_x0 if copy==2
sum cf_y_x1_cf_m_x0 if copy==2
scalar mean_cf_y_x1_cf_m_x0=r(mean) //=26.384

*in second fake copy, predict y based on regression model, to estimate cf_y_x1_cf_m_x1
reg y x m mx c if copy==1
predict cf_y_x1_cf_m_x1 if copy==3
sum cf_y_x1_cf_m_x1 if copy==3
scalar mean_cf_y_x1_cf_m_x1=r(mean) //=26.5671

*estimate the natural indirect effect of x on y, mediated by m:
di mean_cf_y_x1_cf_m_x1 - mean_cf_y_x1_cf_m_x0 //=0.1839 (it works!)
