[bookmark: _GoBack](I am considering whether I need to do a mediation analysis of cross-sectional data I have on informal cash payments in Hungarian maternity care.  My mediation analysis involves a binary exposure, outcome, and mediator.  So, I made up a continuous exposure and outcome for this exercise).

Background:  Our prior work confirmed other (limited) survey data that 60% of all Hungarian maternity care users will pay an informal cash payment to their obstetrician.  Informal cash payments are widespread in post-communist health care, occur outside official channels, and potentially distort care.  During prenatal care in Hungary if a woman desires to know the obstetrician who will be at her birth, she will form a tacit contract with a prenatal obstetrician who agrees to attend the birth.  In return, the woman will pay a “tip” for this “extra service.”

Previously, we demonstrated that this “tip”, contrary to an expression of gratitude, functions instead as a fee-for-service.  In many other specialities fee-for-service models have been shown to incentivize extra care from prescriptions to procedures.  In our population of women who selected a “chosen” prenatal obstetrician when compared to women who did not choose a prenatal doctor,  we noted a higher caesarean section prevalence (45% vs 33 %) , inductions of labor 32% vs. 19%), episiotomy (75% vs. 62%) and epidural (15% vs. 5%).  Furthermore, we found that the probability of paying informally was mostly predicted by the obstetrician’s attendance at birth.  Thus, obstetricians who attend births in order to get paid informally may experience pressure to shorten the duration of pregnancy by scheduling caesareans.  Shorter duration of pregnancy could lead to lower newborn birth weight, an outcome typically associated with lower income women (higher income women tend to tip their obstetricians)

Exposure:  Average monthly income during pregnancy

Outcome: Birth weight

Mediator:  Chosen doctor present at delivery

Potential effects:
Income: 300 Euros/month (std 100)
Birth weight: 3000g (std 500g)
Effect if doctor present at delivery: -300g/100 Euros (this happens 80% of the time)
Effect if doctor not present: -50g/100 Euros

Stata code:
set seed 5734
set obs 1000

**expsoure variable
gen income=rnormal(300, 100)

**outcome variable
gen birthwt = rnormal(3000, 500)

*mediating variable
gen drpresent = runiformint(0,1)
replace drpresent = 0 in 201/1000
replace birthwt=rnormal(2700,100) if drpresent==1
replace birthwt=rnormal(2950,100) if drpresent==0

*regress with random sample 100
sample 100, count
regress birthwt income drpresent
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In a random sample of 100, having the doctor present did decrease the birth weight by 265g on average, which was statistically significant (95%CI -306 to -224).  



bootstrap, reps(1000) size(100): regress birthwt income drpresent
(running regress on estimation sample)
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In a bootstrapped sample after 1000 runs, having the doctor present did decrease the birth weight by 265g on average (same as the random sample), but the confidence interval was slightly more narrow (95%CI -304 to -226).  

replace birthwt=rnormal(2950,100)
(100 real changes made)
bootstrap, reps(1000) size(100): regress birthwt income drpresent
(running regress on estimation sample)
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After setting the causal effect to the null, all the effect of drpresent became non-significant.
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I got an error message for running the last power test.  
image1.png
regress birthwt income drpresent

Source ss M Number of obs 100
F(2, 97) 85.36

Model | 1737319.1 868659.552  Prob > F 0.0000
Residual |  987112.29 10176.4154  R-squared 0.6377
Adj R-squared 0.6302

Total | 2724431.39 27519.509  Root MSE 100.88
birthwt Coef. std. Err. t Pt [95% Conf. Interval
income .1321102  .1025746 1.29 0.201 .071472  .3356925
drpresent | -265.4318 20.53379 -12.93 0.000  -306.1857 -224.6779
_cons 2931.573  36.87726  79.50 0.000  2858.382  3004.764
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Linear regression Number of obs

Replications
Wald chi2(2)
Prob > chi2
R-squared
Adj R-squared
Root MSE
Observed  Bootstrap Normal-based
birthwt Coef. std. Err. 2 Pz [95% Conf. Interval
income .1321102  .0894381  1.48 0.140  -.0431851  .3074056
drpresent | -265.4318 19.94954 -13.31 0 -304.5322  -226.3314
_cons 2931.573  31.37518  93.44 0 2870.079  2993.06
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Linear regression Number of obs 100
Replications 1,000
Wald chi2(2) 0.86
Prob > chi2 0.6509
R-squared 0.0076
Adj R-squared -0.0128
Root MSE 110.3456
Observed  Bootstrap Normal-based

birthwt Coef. std. Err. 2 Pz [95% Conf. Interval
income | -.0731965 .1081945  -0.68 0.499  -.2852539 .138861
drpresent | -13.42348 21.76597  -0.62 0.537 -56.084  29.23704
_cons 2973.084  38.00536  78.23 0.000  2898.595  3047.573
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power twomeans .02 0.12, sd(2) n(100)

Estimated power for a two-sample means test
t test assuming sdl = sd2 = sd
Ho: m2 = ml versus Ha: m2 != ml
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