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R syntax and output for Chapter 1: Simple Regression
This document assumes some prior familiarity with R, particularly how to install and load packages and how to import data files. We recommend using RStudio as the environment for all R sessions.
[bookmark: _GoBack]
Begin by importing the 'aggression.txt' data into R. The first command below creates an internal R dataset, or data frame, named 'ch1data', while the second command gives the variable names:
#setwd()
ch1data <- read.table("aggression.dat")
colnames(ch1data) <- c('age', 'BPAQ', 'AISS', 'alcohol', 'BIS', 'NEOc', 'gender', 'NEOo')
The next commands create boxplot and histogram of BPAQ (Figure 1.2).
The 'main' option indicates a title for the plot, while the 'xlab' option for the 'hist' function gives a label for the x-axis:
boxplot(ch1data$BPAQ, main="Boxplot of BPAQ")
[image: ch1_files/figure-docx/unnamed-chunk-2-1.png]
hist(ch1data$BPAQ, main="Histogram of BPAQ", xlab='BPAQ')
[image: ch1_files/figure-docx/unnamed-chunk-2-2.png]
The next commands create a more elaborate histogram with super-imposed kernel density smoother (as a solid line) and fitted normal curve (as a dashed line) as shown in Figure 1.3.
The 'multi.hist' function is part of the 'psych' package, so it is necessary to load the 'psych' package first (and before loading 'psych', you will first need to install it, if you have not done so.)
library(psych)
multi.hist(ch1data$BPAQ, main="", dlty=c("solid", "dashed"))
[image: ch1_files/figure-docx/unnamed-chunk-3-1.png]
The 'describe' command produces the descriptive statistics in Table 1.1.
This command also depends on the 'psych' package, but there is no need to re-load it:
describe(ch1data)
##         vars   n  mean    sd median trimmed   mad   min   max range  skew
## age        1 275 20.21  4.96  18.00   19.01  1.48 17.00 50.00 33.00  3.70
## BPAQ       2 275  2.61  0.52   2.62    2.61  0.56  1.34  4.03  2.69  0.01
## AISS       3 275  2.56  0.37   2.55    2.56  0.37  1.45  3.70  2.25  0.01
## alcohol    4 270 16.00 15.87  12.00   13.69 14.83  0.00 96.00 96.00  1.50
## BIS        5 275  2.28  0.35   2.27    2.27  0.40  1.42  3.15  1.73  0.36
## NEOc       6 275  3.55  0.59   3.58    3.55  0.62  1.83  4.92  3.08 -0.16
## gender     7 275  0.79  0.41   1.00    0.86  0.00  0.00  1.00  1.00 -1.44
## NEOo       8 275  3.36  0.52   3.42    3.37  0.49  1.67  4.67  3.00 -0.25
##         kurtosis   se
## age        15.43 0.30
## BPAQ       -0.41 0.03
## AISS        0.23 0.02
## alcohol     3.09 0.97
## BIS        -0.22 0.02
## NEOc       -0.11 0.04
## gender      0.06 0.02
## NEOo       -0.09 0.03
In the output above, the 'se' column refers to the standard error of the mean. Don't mistakenly apply this 'se' value to the other descriptive stats.

Simple regression with a single predictor
Scatterplot of BPAQ scores against BIS scores (Figure 1.4).
The variable on the left-hand side of the tilde operator (~) will go on the y-axis, variable on the right-hand side goes on the x-axis.
plot(ch1data$BPAQ~ch1data$BIS, ylab='BPAQ',xlab='BIS')
[image: ch1_files/figure-docx/unnamed-chunk-5-1.png]
The 'cor.test' command gives the correlation along with its 95% confidence interval:
cor.test(ch1data$BPAQ,ch1data$BIS)
## 
##  Pearson's product-moment correlation
## 
## data:  ch1data$BPAQ and ch1data$BIS
## t = 5.5939, df = 273, p-value = 5.391e-08
## alternative hypothesis: true correlation is not equal to 0
## 95 percent confidence interval:
##  0.2103747 0.4229210
## sample estimates:
##       cor 
## 0.3206789
Above, the actual sample correlation is the last thing listed, under "sample estimates:" Right above that is the 95% confidence interval. Notice that a t-test is also printed for the null hypothesis that the population correlation equals zero.
We could modify 'cor.test' to produce Spearman's rank-order correlation instead:
cor.test(ch1data$BPAQ,ch1data$BIS, method='spearman')
## Warning in cor.test.default(ch1data$BPAQ, ch1data$BIS, method =
## "spearman"): Cannot compute exact p-value with ties
## 
##  Spearman's rank correlation rho
## 
## data:  ch1data$BPAQ and ch1data$BIS
## S = 2408600, p-value = 2.469e-07
## alternative hypothesis: true rho is not equal to 0
## sample estimates:
##       rho 
## 0.3050995
Here, the Spearman correlation of .305 is very close to the Pearson product-moment correlation given earlier.
The 'scatterplot' function in the 'car' package can be used to create a scatterplot enhanced with the fitted least-squares regression line as well as a non-parametric LOWESS curve (Figure 1.5).
To use 'scatterplot', you need to make sure 'car' is installed and loaded first.
The 'col' option names the colour of the lines in the plot, while the 'lwd' option makes the regression line width a little thicker than it would be by default. See what happens if you change the 'spread' and 'boxplots' options from 'FALSE' to 'TRUE'.
library(car)
scatterplot(BPAQ~BIS, ylab='BPAQ',xlab='BIS', spread=F, boxplots=F, lwd=2, col='black', data=ch1data)
[image: ch1_files/figure-docx/unnamed-chunk-8-1.png]
The 'lm' function is used to specify linear regression models and estimate them using OLS.
The variable on the left-hand side of the tilde (~) operator is the outcome, the variable on the right-hand side is the predictor:
ch1mod1 <- lm(BPAQ~BIS, data=ch1data)
After the regression model is specified and estimated, we can use the 'summary' method to get the results:
summary(ch1mod1)
## 
## Call:
## lm(formula = BPAQ ~ BIS, data = ch1data)
## 
## Residuals:
##      Min       1Q   Median       3Q      Max 
## -1.14134 -0.30470  0.00845  0.35500  1.35527 
## 
## Coefficients:
##             Estimate Std. Error t value Pr(>|t|)    
## (Intercept)   1.5217     0.1973   7.713 2.31e-13 ***
## BIS           0.4777     0.0854   5.594 5.39e-08 ***
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
## 
## Residual standard error: 0.4972 on 273 degrees of freedom
## Multiple R-squared:  0.1028, Adjusted R-squared:  0.09955 
## F-statistic: 31.29 on 1 and 273 DF,  p-value: 5.391e-08
Above, notice that the estimates match the parameter estimates given in the text, as does the standard error of the estimate for the BIS predictor and the corresponding t-test.
Additionally, the Multiple R-squared value matches the coefficient of determination, i.e., the proportion of variance in BPAQ explained by the model.
But we also need to run the 'confint' function to obtain confidence intervals around the parameter estimates:
confint(ch1mod1)
##                 2.5 %    97.5 %
## (Intercept) 1.1333249 1.9101360
## BIS         0.3095758 0.6458088
By default, the 2.5% and 97.5% lower and upper confidence limits are printed, which correspond to the 95% confidence interval.

Simple regression with a dichotomous predictor
The 'psych' package also includes a 'describeBy' function which can be used to break down descriptive statistics across a grouping variable:
describeBy(ch1data$BPAQ, group=ch1data$gender)
## $`0`
##    vars  n mean   sd median trimmed  mad  min  max range skew kurtosis
## X1    1 57 2.66 0.51   2.69    2.67 0.66 1.62 3.69  2.07    0    -0.96
##      se
## X1 0.07
## 
## $`1`
##    vars   n mean   sd median trimmed  mad  min  max range skew kurtosis
## X1    1 218  2.6 0.53   2.62     2.6 0.56 1.34 4.03  2.69 0.02    -0.31
##      se
## X1 0.04
## 
## attr(,"call")
## by.default(data = x, INDICES = group, FUN = describe, type = type)
In the output above, it's important to know that results under $`0` correspond to gender=0 (males) and results under $`1` correspond to gender=1 (females).
Specify, estimate, and get results for the linear model of BPAQ regressed on gender:
ch1mod2 <- lm(BPAQ ~ gender, data=ch1data)
summary(ch1mod2)
## 
## Call:
## lm(formula = BPAQ ~ gender, data = ch1data)
## 
## Residuals:
##      Min       1Q   Median       3Q      Max 
## -1.25482 -0.38936  0.02104  0.40035  1.43483 
## 
## Coefficients:
##             Estimate Std. Error t value Pr(>|t|)    
## (Intercept)  2.66183    0.06945  38.326   <2e-16 ***
## gender      -0.06217    0.07801  -0.797    0.426    
## ---
## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1
## 
## Residual standard error: 0.5244 on 273 degrees of freedom
## Multiple R-squared:  0.002322,   Adjusted R-squared:  -0.001333 
## F-statistic: 0.6353 on 1 and 273 DF,  p-value: 0.4261
confint(ch1mod2)
##                  2.5 %     97.5 %
## (Intercept)  2.5250958 2.79855818
## gender      -0.2157447 0.09139479
Use the 't.test' function to verify that the t-test for the gender regression slope from the regression model matches the between-groups t-test:
In R, the default t-test does not assume homogeneity of variance. Here, the 'var.equal' option is used to activate the homogeniety of variance assumption:
t.test(ch1data$BPAQ~ch1data$gender, var.equal=T)
## 
##  Two Sample t-test
## 
## data:  ch1data$BPAQ by ch1data$gender
## t = 0.79705, df = 273, p-value = 0.4261
## alternative hypothesis: true difference in means is not equal to 0
## 95 percent confidence interval:
##  -0.09139479  0.21574473
## sample estimates:
## mean in group 0 mean in group 1 
##        2.661827        2.599652
The value of the t-statistic and corresponding p-value above match the results for the 'gender' predictor in the regression model (aside from an arbitrary sign flip).
Likewise, the 95% confidence interval is the same (aside from an arbitrary sign flip).

Basic regression diagnostics
Returning to the model regressing BPAQ on BIS, we can plot the residuals of that model, which were automatically produced and named 'ch1mod1$resid' when the model was estimated.
So to reproduce Figure 1.8, the code is:
multi.hist(ch1mod1$resid, main="", dlty=c("solid", "dashed"))
[image: ch1_files/figure-docx/unnamed-chunk-15-1.png]
Plot the residuals against the BIS predictor, enhacning the plot with a LOWESS curve and a spread around the curve (Figure 1.10):
scatterplot(ch1mod1$resid ~ BIS, boxplots=FALSE, col="black", reg.line=F, ylab="Residuals", data=ch1data)
[image: ch1_files/figure-docx/unnamed-chunk-16-1.png]
Estimating the model also automatically creates hat values ('hatvalues'), Studentized residuals ('rstudent'), and Cook's distance values ('cooks.distance').
Index plots of these can be created simply using the 'plot' function (Figures 1.13 to 1.15):
plot(hatvalues(ch1mod1), xlab='Case number', ylab="Hat value")
[image: ch1_files/figure-docx/unnamed-chunk-17-1.png]
plot(rstudent(ch1mod1), xlab='Case number', ylab="Studentized residual")
[image: ch1_files/figure-docx/unnamed-chunk-17-2.png]
plot(cooks.distance(ch1mod1), xlab='Case number', ylab="Cook's distance")
[image: ch1_files/figure-docx/unnamed-chunk-17-3.png]
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