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[bookmark: _GoBack]R syntax and output for Chapter 5: Using Regression to Model Mediation
Much of the material in this document builds on the R syntax and output from earlier chapters. If necessary, refer back to those documents for reminders.

Begin by importing the ‘DunnBiesanz.dat’ file (for the self-presentation example) into R:
#setwd("")
ch5data <- read.table("DunnBiesanz.dat", header=T)

Histograms of self-presentation (variable name 'SP') and positive affect (variable name 'Affect').
These histograms form Figure 5.2. The first 'par' command creates a 1 row by 2 column array of plots:
par(mfrow=c(1,2))
hist(ch5data$SP, xlab='Self-presentation', main="")
hist(ch5data$Affect, xlab="Positive affect", main="")
[image: ch5_files/figure-docx/unnamed-chunk-2-1.png]
par(mfrow=c(1,1)) 
Above, the last 'par' command resets the plotting window to 1 x 1.
Side-by-side boxplot of self-presentation by manipulation (variable name 'Cond') and scatterplot of positive affect by self-presentation. These plots form Figure 5.3:
par(mfrow=c(1,2))
boxplot(ch5data$SP~ch5data$Cond, xlab='Manipulation (1=Best face forward)')
plot(ch5data$Affect~ch5data$SP, ylab='Positive affect', xlab='Self-presentation')
[image: ch5_files/figure-docx/unnamed-chunk-3-1.png]
par(mfrow=c(1,1)) 

Regression models for simple-indirect effect model
First, regress the mediator ('SP') on the main predictor ('Cond'):
ch5MonX <- lm(SP~Cond, data=ch5data)
summary(ch5MonX)
## 
## Call:
## lm(formula = SP ~ Cond, data = ch5data)
## 
## Residuals:
##     Min      1Q  Median      3Q     Max 
## -2.7273 -0.8611  0.1389  0.6724  2.2727 
## 
## Coefficients:
##             Estimate Std. Error t value Pr(>|t|)    
## (Intercept)   3.7273     0.2403  15.512  < 2e-16 ***
## Cond          1.1338     0.3582   3.165  0.00305 ** 
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
## 
## Residual standard error: 1.127 on 38 degrees of freedom
## Multiple R-squared:  0.2087, Adjusted R-squared:  0.1878 
## F-statistic: 10.02 on 1 and 38 DF,  p-value: 0.003047
confint(ch5MonX)
##                 2.5 %   97.5 %
## (Intercept) 3.2408493 4.213696
## Cond        0.4087212 1.858956
In the output above, the estimate for the 'Cond' predictor corresponds to the alpha-hat estimate; results match those for self-presentation outcome in Table 5.1.
Next, regress the main dependent variable ('Affect') on the mediator ('SP') and main predictor ('Cond'):
ch5YonMX <- lm(Affect~SP+Cond, data=ch5data)
summary(ch5YonMX)
## 
## Call:
## lm(formula = Affect ~ SP + Cond, data = ch5data)
## 
## Residuals:
##      Min       1Q   Median       3Q      Max 
## -1.42740 -0.24832  0.04797  0.34835  1.14528 
## 
## Coefficients:
##             Estimate Std. Error t value Pr(>|t|)    
## (Intercept)  4.65318    0.36260  12.833  3.4e-15 ***
## SP           0.19463    0.09041   2.153   0.0379 *  
## Cond         0.32568    0.22440   1.451   0.1551    
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
## 
## Residual standard error: 0.6281 on 37 degrees of freedom
## Multiple R-squared:  0.2468, Adjusted R-squared:  0.2061 
## F-statistic: 6.063 on 2 and 37 DF,  p-value: 0.005278
confint(ch5YonMX)
##                   2.5 %    97.5 %
## (Intercept)  3.91847724 5.3878824
## SP           0.01145347 0.3778159
## Cond        -0.12900079 0.7803595
In the output above, the estimate for the 'SP' predictor corresponds to the beta-hat estimate; results match values for positive affect outcome in Table 5.1.

Percentile bootstrap confidence interval for the indirect effect
The 'mediation' package contains several functions for mediation/indirect effect analyses:
library(mediation)
The 'mediate' function can be used to bootstrap the indirect effect. It is necessary first to create objects with the results from the two regression models forming the overall indirect effect model, as was done above.
The first argument of the 'mediate' function is the name of the model in which M was regressed on X.
The second argument is the name of the model in which Y was regressed on M and X.
The 'sims' option is used to indicate the number of bootstrap samples.
The 'treat' option indicates the variable name of the main predictor.
The 'mediator' option indicates the variable name of the mediator/intervening variable.
ch5indirect1 <- mediate(ch5MonX, ch5YonMX, boot=T, sims=1000, treat="Cond",
                 mediator = "SP")
Next, the 'summary' method is used to print the results to the console window:
summary(ch5indirect1)
## 
## Causal Mediation Analysis 
## 
## Nonparametric Bootstrap Confidence Intervals with the Percentile Method
## 
##                Estimate 95% CI Lower 95% CI Upper p-value
## ACME             0.2207       0.0481       0.4771    0.01
## ADE              0.3257      -0.1035       0.7650    0.16
## Total Effect     0.5464       0.1667       0.9109    0.01
## Prop. Mediated   0.4039       0.0756       1.4211    0.02
## 
## Sample Size Used: 40 
## 
## 
## Simulations: 1000
In the output above, 'ACME' stands for "average causal mediated effect".
The 'ACME' estimate should correspond to the product-of-coefficients indirect effect estimate given in Chapter 5. The corresponding 'Lower' and 'Upper' values indicate the limits of the 95% percentile bootstrap confidence interval for the indirect effect.

Moving on to the research example for modeling a non-experimental indirect effect (heavy alcohol use example):
Import the ‘drink.txt’ data into R:
ch5data2 <- read.table("drink.txt", header=T)
Note that this is the same dataset used in Chapter 4.
Plots of bivariate associations between externalizing and parental alcoholism and between alcohol use and externalizing; these plots form Figure 5.5:
par(mfrow=c(1,2))
boxplot(ch5data2$ext~ch5data2$coa, ylab="Externalizing", xlab="Parental alcoholism (1=COA)")
plot(ch5data2$alcuse~ch5data2$ext, ylab="Alcohol use", xlab="Externalizing")
[image: ch5_files/figure-docx/unnamed-chunk-10-1.png]
par(mfrow=c(1,1))

Regression models for simple-indirect effect model.
First, regress the mediator ('ext') on the main predictor ('coa'):
ch5MonX2 <- lm(ext~coa, data=ch5data2)
summary(ch5MonX2)
## 
## Call:
## lm(formula = ext ~ coa, data = ch5data2)
## 
## Residuals:
##     Min      1Q  Median      3Q     Max 
## -0.6484 -0.3151 -0.1287  0.2683  2.0380 
## 
## Coefficients:
##             Estimate Std. Error t value Pr(>|t|)    
## (Intercept)  0.46202    0.05024   9.196  < 2e-16 ***
## coa          0.18638    0.06803   2.740  0.00684 ** 
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
## 
## Residual standard error: 0.4351 on 163 degrees of freedom
## Multiple R-squared:  0.04402,    Adjusted R-squared:  0.03816 
## F-statistic: 7.506 on 1 and 163 DF,  p-value: 0.006836
confint(ch5MonX2)
##                  2.5 %    97.5 %
## (Intercept) 0.36280756 0.5612328
## coa         0.05204592 0.3207150
In the output above, the estimate for the 'coa' predictor corresponds to the alpha-hat estimate; results match those for Externalizing outcome in Table 5.2.
Next, regress the main dependent variable ('alcuse') on the mediator ('ext') and main predictor ('coa'):
ch5YonMX2 <- lm(alcuse~ext+coa, data=ch5data2)
summary(ch5YonMX2)
## 
## Call:
## lm(formula = alcuse ~ ext + coa, data = ch5data2)
## 
## Residuals:
##     Min      1Q  Median      3Q     Max 
## -1.0459 -0.3647 -0.0948  0.1041  3.4730 
## 
## Coefficients:
##             Estimate Std. Error t value Pr(>|t|)    
## (Intercept) -0.05156    0.08844  -0.583 0.560682    
## ext          0.43897    0.11187   3.924 0.000128 ***
## coa          0.30652    0.09938   3.084 0.002398 ** 
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
## 
## Residual standard error: 0.6215 on 162 degrees of freedom
## Multiple R-squared:  0.1622, Adjusted R-squared:  0.1519 
## F-statistic: 15.69 on 2 and 162 DF,  p-value: 5.93e-07
confint(ch5YonMX2)
##                  2.5 %    97.5 %
## (Intercept) -0.2261968 0.1230746
## ext          0.2180577 0.6598739
## coa          0.1102801 0.5027573
In the output above, the estimate for the 'ext' predictor corresponds to the beta-hat estimate; results match values for Heavy alcohol use outcome in Table 5.2.
Next, use the 'mediate' function from the 'mediation' package to get a bootstrap CI for indirect effect:
ind <- mediate(ch5MonX2, ch5YonMX2, boot=T, sims=1000, treat="coa", mediator = "ext")
summary(ind) 
## 
## Causal Mediation Analysis 
## 
## Nonparametric Bootstrap Confidence Intervals with the Percentile Method
## 
##                Estimate 95% CI Lower 95% CI Upper p-value
## ACME             0.0818       0.0122       0.1979    0.01
## ADE              0.3065       0.1398       0.4614    0.00
## Total Effect     0.3883       0.2080       0.5719    0.00
## Prop. Mediated   0.2107       0.0392       0.4891    0.01
## 
## Sample Size Used: 165 
## 
## 
## Simulations: 1000
Again, the ACME estimate gives the indirect effect estimate of 0.082; the corresponding 95% bootstrap CI should be approximately (0.02, 0.20), but may differ slightly because of the random sampling error inherent to the bootstrapping procedure.

Moderated indirect effect
Regress the main outcome variable on the mediator ('ext'), main predictor ('coa'), and their product.
Note that this model is identical to the dichotomous by continuous interaction example from Chapter 4 ('ch4mod1'):
ch5modInd <- lm(alcuse~ext+coa+ext*coa, data=ch5data2)
summary(ch5modInd)
## 
## Call:
## lm(formula = alcuse ~ ext + coa + ext * coa, data = ch5data2)
## 
## Residuals:
##     Min      1Q  Median      3Q     Max 
## -1.2206 -0.2731 -0.1382  0.1373  3.4305 
## 
## Coefficients:
##             Estimate Std. Error t value Pr(>|t|)  
## (Intercept) 0.104262   0.106595   0.978   0.3295  
## ext         0.101702   0.172869   0.588   0.5571  
## coa         0.001682   0.155166   0.011   0.9914  
## ext:coa     0.567081   0.224159   2.530   0.0124 *
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
## 
## Residual standard error: 0.6114 on 161 degrees of freedom
## Multiple R-squared:  0.1943, Adjusted R-squared:  0.1792 
## F-statistic: 12.94 on 3 and 161 DF,  p-value: 1.291e-07
In the output above, the estimate for the 'ext' predictor corresponds to the beta-hat estimate (i.e., simple slope) for control participants.
We can now use this model as the Y model in the 'mediate' function:
modInd <- mediate(ch5MonX2, ch5modInd, boot=T, sims=1000, treat="coa", mediator = "ext")
summary(modInd) 
## 
## Causal Mediation Analysis 
## 
## Nonparametric Bootstrap Confidence Intervals with the Percentile Method
## 
##                          Estimate 95% CI Lower 95% CI Upper p-value
## ACME (control)             0.0190      -0.0118       0.0938    0.30
## ACME (treated)             0.1246       0.0218       0.2672    0.01
## ADE (control)              0.2630       0.1091       0.4389    0.00
## ADE (treated)              0.3687       0.1823       0.5747    0.00
## Total Effect               0.3877       0.2176       0.5878    0.00
## Prop. Mediated (control)   0.0489      -0.0259       0.2677    0.30
## Prop. Mediated (treated)   0.3215       0.0666       0.6377    0.01
## ACME (average)             0.0718       0.0119       0.1565    0.01
## ADE (average)              0.3159       0.1551       0.4990    0.00
## Prop. Mediated (average)   0.1852       0.0401       0.4009    0.01
## 
## Sample Size Used: 165 
## 
## 
## Simulations: 1000
In the output above, ACME (control) gives the indirect effect estimate of 0.02 for control participants, along with the associated 95% percentile bootstrap CI.
Because the mediate function understands the interaction effect in the model for alcohol use, we also obtain the indirect effect estimate of 0.12 for COA participants next to ACME (treated), which is slightly different from the value given in Chapter 5 due to rounding error, along with the bootstrap CI.
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