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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). 

I hypothesize that owning a cat (coded as binary) decreases average systolic blood pressure, and the effect is modified by whether one self-identifies as primarily a “cat person” or a “dog person,” with those identifying as a “cat person” experiencing a greater decrease in SBP.

SBP = 120 – 5*have_cat + 8*love_cat – 10*have_cat*love_cat + 5*error

Using the software of your choice, generate a population with 1000 people under a causal structure consistent with this hypothesis. 

. set obs 1000
number of observations (_N) was 0, now 1,000

. set seed 567931
. gen have_cat = runiform()>0.8 // set prevalence of exposure (have_cat=1) at ~20%
. gen love_cat = runiform()>0.6 // set prevalence of EM (love_cat=1) at ~40%
. gen error = rnormal() // gen error term
. gen SBP = 120 - 5*have_cat + 8*love_cat - 10*have_cat*love_cat + 5*error
. gen ID = _n // to facilitate drawing random sample


. regress SBP have_cat##love_cat

      Source |       SS           df       MS      Number of obs   =     1,000
-------------+----------------------------------   F(3, 996)       =    378.47
       Model |  26756.6366         3  8918.87886   Prob > F        =    0.0000
    Residual |  23471.2272       996  23.5654892   R-squared       =    0.5327
-------------+----------------------------------   Adj R-squared   =    0.5313
       Total |  50227.8638       999   50.278142   Root MSE        =    4.8544

-----------------------------------------------------------------------------------
              SBP |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
------------------+----------------------------------------------------------------
       1.have_cat |  -5.108754   .5052756   -10.11   0.000    -6.100281   -4.117227
       1.love_cat |   8.459794    .350277    24.15   0.000     7.772429     9.14716
                  |
have_cat#love_cat |
             1 1  |  -9.832739   .7831541   -12.56   0.000    -11.36956   -8.295918
                  |
            _cons |   119.7444   .2204283   543.24   0.000     119.3119     120.177
-----------------------------------------------------------------------------------

Draw a simple random sample of 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.

. generate random = runiform()
. sort random
. generate insample = _n <= 100

. regress SBP have_cat##love_cat if insample==1

      Source |       SS           df       MS      Number of obs   =       100
-------------+----------------------------------   F(3, 96)        =     30.19
       Model |  2217.52777         3  739.175922   Prob > F        =    0.0000
    Residual |  2350.33922        96  24.4827002   R-squared       =    0.4855
-------------+----------------------------------   Adj R-squared   =    0.4694
       Total |  4567.86699        99  46.1400706   Root MSE        =     4.948

-----------------------------------------------------------------------------------
              SBP |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
------------------+----------------------------------------------------------------
       1.have_cat |   -4.93481   1.647833    -2.99   0.003    -8.205733   -1.663887
       1.love_cat |   6.976248   1.120151     6.23   0.000     4.752766    9.199731
                  |
have_cat#love_cat |
             1 1  |  -10.58848   2.641584    -4.01   0.000    -15.83198   -5.344976
                  |
            _cons |   120.1715   .6997528   171.73   0.000     118.7825    121.5605
-----------------------------------------------------------------------------------


. margins, dydx(have_cat)

Average marginal effects                        Number of obs     =        100
Model VCE    : OLS

Expression   : Linear prediction, predict()
dy/dx w.r.t. : 1.have_cat

------------------------------------------------------------------------------
             |            Delta-method
             |      dy/dx   Std. Err.      t    P>|t|     [95% Conf. Interval]
-------------+----------------------------------------------------------------
  1.have_cat |  -9.064317   1.287916    -7.04   0.000    -11.62081   -6.507824
------------------------------------------------------------------------------
Note: dy/dx for factor levels is the discrete change from the base level.



. margins, dydx(have_cat) by (love_cat)

Average marginal effects                        Number of obs     =        100
Model VCE    : OLS

Expression   : Linear prediction, predict()
dy/dx w.r.t. : 1.have_cat
over         : love_cat

------------------------------------------------------------------------------
             |            Delta-method
             |      dy/dx   Std. Err.      t    P>|t|     [95% Conf. Interval]
-------------+----------------------------------------------------------------
1.have_cat   |
    love_cat |
          0  |   -4.93481   1.647833    -2.99   0.003    -8.205733   -1.663887
          1  |  -15.52329    2.06461    -7.52   0.000    -19.62151   -11.42507
------------------------------------------------------------------------------
Note: dy/dx for factor levels is the discrete change from the base level.




	Sample
	Population avg association 
	95% CI
	Stratified association
	95% CI

	1
	-9.1
	-11.6, -6.5
	0= -4.9
1= -15.5
	-8.2, -1.7
-15.5, 2.1

	2
	-8.7
	-10.4, -7.0
	0= -4.5
1= -14.4
	-6.8, -2.3
-17.0, -11.8

	3
	-9.2
	-10.7, -7.8
	0= -5.0
1= -14.7
	-6.9, -3.1
-16.9, -12.5

	4
	-9.4
	-10.6, -8.2
	0= -5.1
1= -15.3
	-6.7, -3.5
-17.1, -13.4

	5
	-9.4
	-10.5, -8.3
	0= -5.3
1= -15.1
	-6.7, -3.8
-16.9, -13.4

	6
	-9.4
	-10.3, -8.4
	0= -5.2
1= -15.0
	-6.5, -4.0
-16.7, -13.5

	7
	-9.1
	-10.0, -8.2
	0= -5.1
1= -14.6
	-6.3, -3.9
-16.1, -13.2

	8
	-9.0
	-9.8, -8.1
	0= -5.0
1= -14.7
	-6.1, -3.9
-16.0, -13.3

	9
	-9.0
	-9.8, -8.2
	0= -5.0
1= -14.9
	-6.0, -3.9
-16.2, -13.7

	10
	-9.1
	-9.8, -8.3
	0= -5.1
1= -14.9
	-6.1, -4.1
-16.1, -13.8




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).

. gen nSBP = 120 + 8*love_cat + 5*error

. regress nSBP have_cat##love_cat

      Source |       SS           df       MS      Number of obs   =     1,000
-------------+----------------------------------   F(3, 996)       =    245.07
       Model |   17325.499         3  5775.16633   Prob > F        =    0.0000
    Residual |  23471.2275       996  23.5654894   R-squared       =    0.4247
-------------+----------------------------------   Adj R-squared   =    0.4229
       Total |  40796.7265       999   40.837564   Root MSE        =    4.8544

-----------------------------------------------------------------------------------
             nSBP |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
------------------+----------------------------------------------------------------
       1.have_cat |  -.1087541   .5052756    -0.22   0.830    -1.100281    .8827728
       1.love_cat |   8.459794    .350277    24.15   0.000     7.772429     9.14716
                  |
have_cat#love_cat |
             1 1  |   .1672615   .7831541     0.21   0.831     -1.36956    1.704083
                  |
            _cons |   119.7444   .2204283   543.24   0.000     119.3119     120.177
-----------------------------------------------------------------------------------

. regress nSBP have_cat##love_cat if insample==1

      Source |       SS           df       MS      Number of obs   =       100
-------------+----------------------------------   F(3, 96)        =     15.31
       Model |  1124.61131         3  374.870438   Prob > F        =    0.0000
    Residual |  2350.33918        96  24.4826998   R-squared       =    0.3236
-------------+----------------------------------   Adj R-squared   =    0.3025
       Total |   3474.9505        99  35.1005101   Root MSE        =     4.948

-----------------------------------------------------------------------------------
             nSBP |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
------------------+----------------------------------------------------------------
       1.have_cat |   .0651901   1.647833     0.04   0.969    -3.205733    3.336113
       1.love_cat |   6.976248   1.120151     6.23   0.000     4.752766    9.199731
                  |
have_cat#love_cat |
             1 1  |    -.58848   2.641584    -0.22   0.824    -5.831983    4.655023
                  |
            _cons |   120.1715   .6997528   171.73   0.000     118.7825    121.5605
-----------------------------------------------------------------------------------


. margins, dydx(have_cat)

Average marginal effects                        Number of obs     =        100
Model VCE    : OLS

Expression   : Linear prediction, predict()
dy/dx w.r.t. : 1.have_cat

------------------------------------------------------------------------------
             |            Delta-method
             |      dy/dx   Std. Err.      t    P>|t|     [95% Conf. Interval]
-------------+----------------------------------------------------------------
  1.have_cat |  -.1643171   1.287916    -0.13   0.899    -2.720809    2.392175
------------------------------------------------------------------------------
Note: dy/dx for factor levels is the discrete change from the base level.



. margins, dydx(have_cat) by (love_cat)

Average marginal effects                        Number of obs     =        100
Model VCE    : OLS

Expression   : Linear prediction, predict()
dy/dx w.r.t. : 1.have_cat
over         : love_cat

------------------------------------------------------------------------------
             |            Delta-method
             |      dy/dx   Std. Err.      t    P>|t|     [95% Conf. Interval]
-------------+----------------------------------------------------------------
1.have_cat   |
    love_cat |
          0  |   .0651901   1.647833     0.04   0.969    -3.205733    3.336113
          1  |  -.5232899    2.06461    -0.25   0.800    -4.621508    3.574928
------------------------------------------------------------------------------
Note: dy/dx for factor levels is the discrete change from the base level


	Sample
	Population avg association 
	95% CI
	Stratified association
	95% CI

	1
	-0.16
	-2.72, 2.39
	0= 0.065
1= -0.52
	-3.21, 3.34
-4.62, 3.57

	2
	0.53
	-1.16, 2.22
	0= 0.47
1= 0.62
	-1.76, 2.70
-1.97, 3.20

	3
	0.14
	-1.29, 1.57
	0= -0.0059
1= 0.32
	-1.90, 1.90
-1.87, 2.50

	4
	-0.17
	-1.40, 1.07
	0= -0.091
1= -0.27
	-1.72, 1.54
-2.15, -1.61

	5
	-0.22
	-1.32, 0.88
	0= -0.27
1= -0.15
	-1.70, 1.17
-1.86, 1.56

	6
	-0.15
	-1.14, 0.84
	0= -0.25
1= -0.029
	-1.54, 1.05
-1.57, 1.51

	7
	0.084
	-0.83, 1.00
	0= -0.11
1= 0.35
	-1.30, 1.09
-1.06, 1.76

	8
	0.14
	-0.72, 1.00
	0= -0.010
1= 0.35
	-1.13, 1.11
-1.00, 1.69

	9
	0.059
	-0.75, 0.86
	0= 0.039
1= 0.089
	-1.01, 1.08
-1.17, 1.35

	10
	-0.042
	-0.80, 0.72
	0= -0.11
1= 0.059
	-1.10, 0.88
-1.12, 1.23




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
*n=100,μ0=.02, μ1=.12, SD=2, α=.05
*n=500, μ0=.3, μ1=.3, SD=1, α=.05

. power onemean 0.02 0.12, n(100) sd(1)

Estimated power for a one-sample mean test
t test
Ho: m = m0  versus  Ha: m != m0

Study parameters:

        alpha =    0.0500
            N =       100
        delta =    0.1000
           m0 =    0.0200
           ma =    0.1200
           sd =    1.0000

Estimated power:

        power =    0.1677


. power onemean 0.02 0.12, n(100) sd(2)

Estimated power for a one-sample mean test
t test
Ho: m = m0  versus  Ha: m != m0

Study parameters:

        alpha =    0.0500
            N =       100
        delta =    0.0500
           m0 =    0.0200
           ma =    0.1200
           sd =    2.0000

Estimated power:

        power =    0.0785


. power onemean 0.3 0.3, n(100) sd(1)
null and alternative means are equal; this is not allowed
r(198);

 For each of the 3 settings above, what is the power to detect whether the ratio of the means=1?

[bookmark: _GoBack]The power would be the same whether testing if difference in means = 0 or ratio of means = 1: in both cases, we are seeing whether the means differ from each other.




