Specify a hypothesis regarding a particular exposure and outcome and a binary effect modifier including specific measures of association (specify the magnitudes of that association you anticipate: I suggest making everything cross-sectional). Using the software of your choice, generate a population with 1000 people under a causal structure consistent with this hypothesis. Draw a simple random sample 100 individuals from this population and estimate the population average exposure-outcome association and the association stratified by your modifier of interest within this subset.  Repeat this 10 times and write the parameter estimates and CI each time.
Exposure x, Effect modifier m, Outcome y 
gen x= runiform()<0.6
gen m= runiform()<0.5
gen y = 80 + 4*x - 7*x*m + rnormal()
	
	B (95% CI), overall 
	B (95% CI), m=0
	B (95% CI), m=1

	n=100 
subsamples
	
	
	

	1
	.16 (-1.05, 1.37)
	3.18 (2.42, 3.94)
	-3.02 (-3.56, -2.48)

	2
	.66 (-.5, 1.82)
	4.15 (3.57, 4.72)
	-2.30 (-2.78, -1.81)

	3
	.35 (-.89, 1.58)
	4.08 (3.49, 4.67)
	-2.77 (-3.36, -2.19)

	4
	.75 (-.44, 1.93)
	4.01 (3.38, 4.64)
	-3.46 (-4.10, -2.83)

	5
	.94 (-.36, 2.23)
	4.27 (3.44, 5.09)
	-3.13 (-3.62, -2.65)

	6
	1.22 (.15, 2.28)
	3.99 (3.42, 4.56)
	-2.69 (-3.12, -2.26)

	7
	.92 (-.31, 2.15)
	4.03 (3.4, 4.66)
	-2.95 (-3.40, -2.50)

	8
	1.07 (-.13, 2.26)
	4.27 (3.65, 4.88)
	-3.21 (-3.68, -2.74)

	9
	1.25 (.19, 2.31)
	3.63 (3.02, 4.25)
	-2.96 (-3.60, -2.31)

	10
	.97 (-.14, 2.08)
	4.2 (3.59, 4.81)
	-2.58 (-3.04, -2.12)



Repeat the data set construction, setting the causal effect to the null. Again repeat this 10 times and write the parameter estimate and CI each time (if you figure out how to automate it, run it 1000 times and post the histogram of the parameter estimates and p-values).
Same previous x and m.
gen y2= 80 + rnormal()
	
	B (95% CI), overall 
	B (95% CI), m=0
	B (95% CI), m=1

	n=100 
subsamples
	
	
	

	1
	-.34 (-.78, .10)
	-.82 (-1.58, -.06)
	-.02 (-.56, .52)

	2
	.35 (-.04, .73)
	.15 (-.43, .72)
	.70 (.22, 1.19)

	3
	.13 (-.28, .53)
	.08 (-.51, .67)
	.23 (-.36, .81)

	4
	-.23 (-.67, .20)
	.01 (-.62, .64)
	-.46 (-1.10, .17)

	5
	.06 (-.35, .47)
	.27 (-.56, 1.09)
	-.13 (-.62, .35)

	6
	.16 (-.21, .52)
	-.01 (-.58, .56)
	.31 (-.12, .74)

	7
	.07 (-.32, .46)
	.03 (-.60, .66)
	.05 (-.40, .50)

	8
	.01 (-.38, .38)
	.27 (-.35, .88)
	-.21 (-.68, .26)

	9
	-.16 (-.58, .27)
	-.37 (-.98, .25)
	.04 (-.60, .69)

	10
	.33 (-.04, .71)
	.20 (-.41, .81)
	.42 (-.04, .88)
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Use your code above and also a canned software command to estimate statistical power to detect the difference in means under the settings below:
*n=100, μ0=.02, μ1=.12, SD=1, α=.05
. power twomeans 0.02 0.12, n(100)
Estimated power for a two-sample means test
t test assuming sd1 = sd2 = sd
Ho: m2 = m1  versus  Ha: m2 != m1
Study parameters:
        alpha =    0.0500
            N =       100
  N per group =        50
        delta =    0.1000
           m1 =    0.0200
           m2 =    0.1200
           sd =    1.0000
Estimated power:

        power =    0.0785

*n=100,μ0=.02, μ1=.12, SD=2, α=.05
. power twomeans 0.02 0.12, sd(2) n(100)
Estimated power for a two-sample means test
t test assuming sd1 = sd2 = sd
Ho: m2 = m1  versus  Ha: m2 != m1

Study parameters:

        alpha =    0.0500
            N =       100
  N per group =        50
        delta =    0.1000
           m1 =    0.0200
           m2 =    0.1200
           sd =    2.0000

Estimated power:

        power =    0.0570

*n=500, μ0=.3, μ1=.3, SD=1, α=.05
. power twomeans 0.3 0.3, n(100)
the control-group mean and the experimental-group mean are equal; this is not allowed
r(198);
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