Chapter 11: Differences between more than two independent groups – R Scripts

Performing a grouped Shapiro Wilk test on the data frame
with(eLearning, tapply(Scores, list(TypesLearning), function(x) if(length(unique(x))==1) NA else shapiro.test(x)))
$Augmented

	Shapiro-Wilk normality test
data:  x
W = 0.9531, p-value = 0.5745

$Simulation
	Shapiro-Wilk normality test
data:  x
W = 0.96395, p-value = 0.7606

$Virtual
	Shapiro-Wilk normality test
data:  x
W = 0.93336, p-value = 0.3061

Performing Bartlett’s test in R
bartlett.test(Scores~TypesLearning, data=eLearning)
	Bartlett test of homogeneity of variances
data:  Scores by TypesLearning
Bartlett's K-squared = 0.12416, df = 2, p-value = 0.9398

Performing Levene’s test in R
To compute the Levene test in R, we use the function leveneTest() which is part of the car package:
install.packages("car")
library(car)
leveneTest(Scores~TypesLearning)
Levene's Test for Homogeneity of Variance (center = median)
      Df F value Pr(>F)
group  2  0.0835 0.9201
      42      

Computing one-way ANOVA in R
anova1<-aov(Scores~TypesLearning)
Note that the dependent variable, Scores, is placed in front of the independent variable TypesLearning.
To display the results of the one-way ANOVA, we use the summary() function:
summary(anova1)
              Df Sum Sq Mean Sq F value Pr(>F)   
TypesLearning  2  69.38   34.69   6.691  0.003 **
Residuals     42 217.73    5.18                  
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
or
aov_count<-aov(eLearning$Scores~eLearning$TypesLearning)
summary(aov_count)
                         Df Sum Sq Mean Sq F value Pr(>F)   
eLearning2$TypesLearning  2  69.38   34.69   6.691  0.003 **
Residuals                42 217.73    5.18                  
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Performing the Tukey test in R
TukeyHSD(anova1, conf.level = 0.95)
  Tukey multiple comparisons of means
    95% family-wise confidence level
Fit: aov(formula = Scores ~ TypesLearning)
$TypesLearning
                            diff       lwr        upr     p adj
Simulation-Augmented  0.06666667 -1.953201  2.0865346 0.9964616
Virtual-Augmented    -2.60000000 -4.619868 -0.5801321 0.0087994
Virtual-Simulation   -2.66666667 -4.686535 -0.6467987 0.0070866

Plotting the Tukey’s test results
plot(TukeyHSD(anova1, conf.level = 0.95))

Computing the post hoc test in R
Install and load the agricolae package:
install.packages("agricolae")
library(agricolae)

HSD.test(anova1, "TypesLearning", console = TRUE)
Study: anova ~ "TypesLearning"
HSD Test for Scores 
Mean Square Error:  5.184127 
TypesLearning,  means
             Scores      std  r Min Max
Augmented  34.40000 2.384474 15  30  38
Simulation 34.46667 2.166850 15  30  38
Virtual    31.80000 2.274078 15  28  35
Alpha: 0.05 ; DF Error: 42 
Critical Value of Studentized Range: 3.435823 
Minimun Significant Difference: 2.019868 
Treatments with the same letter are not significantly different.
             Scores groups
Simulation 34.46667      a
Augmented  34.40000      a
Virtual    31.80000      b

One-way ANOVA summary statistics 
summary(anova1)
              Df Sum Sq Mean Sq F value Pr(>F)   
TypesLearning  2  69.38   34.69   6.691  0.003 **
Residuals     42 217.73    5.18                  
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Compute the effect size indices in R
install.packages("sjstats")
library(sjstats)
Eta squared
eta_sq(anova1)
           term etasq
1 TypesLearning 0.242
Partial eta squared
eta_sq(anova1, partial=TRUE)
           term partial.etasq
1 TypesLearning         0.242
Omega squared
omega_sq(anova1)
           term omegasq
1 TypesLearning   0.202
Cohen’s F
effectsize::cohens_f(anova1)
effectsize::cohens_f(anova1)
Parameter     | Cohen's f (partial) |       90% CI
--------------------------------------------------
TypesLearning |                0.56 | [0.26, 0.82]

Computing the Levene test
To compute the Levene test in R, we use the function leveneTest() which is part of the car package. If you have worked through Example 11.1, you will already have the car package installed and just need to call it using library().
install.packages("car")
library(car)

leveneTest(Scores~as.factor(TypesLearning)*as.factor(Realism),
+ data=Ex11_2)
Levene's Test for Homogeneity of Variance (center = median)
      Df F value Pr(>F)
group  5  1.2625 0.2995
      39                 
Displaying the internal structure of an object in R
str(Ex11_2)
'data.frame':	45 obs. of  3 variables:
 $ TypesLearning: chr  "Augmented" "Augmented" "Augmented" "Augmented" ...
 $ Scores       : int  33 36 33 38 36 30 35 32 34 36 ...
 $ Realism      : chr  "high" "low" "high" "low" ...

Computing two-way ANOVA in R 
anova2<-aov(Scores~TypesLearning*Realism, data = Ex11_2)
summary(anova2)
                     Df Sum Sq Mean Sq F value   Pr(>F)    
TypesLearning         2  69.38   34.69  15.323 1.23e-05 ***
Realism               1 129.13  129.13  57.040 3.78e-09 ***
TypesLearning:Realism 2   0.32    0.16   0.071    0.932    
Residuals            39  88.29    2.26                     
---
or we can use different arguments for the same function:
anova3<-aov(Scores~as.factor(TypesLearning)*as.factor(Realism), data=Ex11_2)
summary(anova3)
                                             Df Sum Sq Mean Sq F value   Pr(>F)    
as.factor(TypesLearning)                      2  69.38   34.69  15.323 1.23e-05 ***
as.factor(Realism)                            1 129.13  129.13  57.040 3.78e-09 ***
as.factor(TypesLearning):as.factor(Realism)   2   0.32    0.16   0.071    0.932    
Residuals                                    39  88.29    2.26                     
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
where the as.factor() function tells R that the two independents are categorical.

Saving residuals as a separate object (‘res’) and plotting them using a histogram
res<-anova3$residuals 

hist(res,main="Histogram of residuals",xlab="Residuals")

Creating an interaction plot
interaction.plot(x.factor     = Ex11_2$TypesLearning,
+ trace.factor = Ex11_2$Realism,
+ response     = Ex11_2$Scores,
+ fun = mean,
+ type="b",		# to draw both lines and points
+ pch=c(19, 17, 15),   # to plot symbols for levels of trace variable
+ fixed=TRUE,          # to have the legend in the order of the levels
+ leg.bty = "o")	# to pass arguments to the legend

The options available for this function indicate that we used the independent variable ‘TypesLearning’ for the x-axis, ‘Realism’ for the trace factor (second independent variable), and ‘Scores’ for the response variable (dependent variable). The fourth option, fun=mean, indicates that the mean for each group will be plotted. 

Computing a post-hoc analysis
TukeyHSD(anova3)
  Tukey multiple comparisons of means
    95% family-wise confidence level

Fit: aov(formula = Scores ~ as.factor(TypesLearning) * as.factor(Realism), data = Ex11_2)

$`as.factor(TypesLearning)`
                            diff       lwr       upr     p adj
Simulation-Augmented  0.06666667 -1.271832  1.405165 0.9919167
Virtual-Augmented    -2.60000000 -3.938498 -1.261502 0.0000847
Virtual-Simulation   -2.66666667 -4.005165 -1.328168 0.0000580

$`as.factor(Realism)`
             diff      lwr      upr p adj
low-high 3.191358 2.265309 4.117407     0

$`as.factor(TypesLearning):as.factor(Realism)`
                                     diff        lwr       upr     p adj
Simulation:high-Augmented:high  0.2857143 -2.1237602 2.6951888 0.9991961
Virtual:high-Augmented:high    -0.9780220 -3.0912709 1.1352269 0.7346052
Augmented:low-Augmented:high    3.9642857  1.6313221 6.2972493 0.0001299
Simulation:low-Augmented:high   3.8392857  1.5063221 6.1722493 0.0002138
Virtual:low-Augmented:high      2.7142857 -0.8999260 6.3284974 0.2390956
Virtual:high-Simulation:high   -1.2637363 -3.3769852 0.8495126 0.4826941
Augmented:low-Simulation:high   3.6785714  1.3456078 6.0115351 0.0004035
Simulation:low-Simulation:high  3.5535714  1.2206078 5.8865351 0.0006577
Virtual:low-Simulation:high     2.4285714 -1.1856403 6.0427831 0.3536130
Augmented:low-Virtual:high      4.9423077  2.9167280 6.9678874 0.0000001
Simulation:low-Virtual:high     4.8173077  2.7917280 6.8428874 0.0000002
Virtual:low-Virtual:high        3.6923077  0.2684531 7.1161622 0.0280775
Simulation:low-Augmented:low   -0.1250000 -2.3788570 2.1288570 0.9999809
Virtual:low-Augmented:low      -1.2500000 -4.8136608 2.3136608 0.8973954
Virtual:low-Simulation:low     -1.1250000 -4.6886608 2.4386608 0.9318266

Computing the 2 in R
We use the function etaSquared() which is part of the lsr package:
install.packages("lsr")
library(lsr)
etaSquared(anova3)
                            eta.sq eta.sq.part
TypesLearning          0.038322789 0.110815793
Realism                0.449739198 0.593918444
TypesLearning:Realism  0.001118468 0.003624096

Computing the effect size statistics: 
We use the function eta_sq() to calculate η2 and omega_sq() to calculate ω2.
eta_sq(anova3)
                  term etasq
1        TypesLearning 0.242
2               Gender 0.450
3 TypesLearning:Gender 0.001

omega_sq(anova3)
                  term omegasq
1        TypesLearning   0.224
2               Gender   0.438
3 TypesLearning:Gender  -0.015

Computing the Kruskal-Wallis test in R
To perform the test, we use the kruskal.test() function:
Ex11_3 <- read.csv(file.choose())
attach(Ex11_3)
kruskal.test(Effectiveness~TypesLearning)
	Kruskal-Wallis rank sum test
data:  Effectiveness by TypesLearning
Kruskal-Wallis chi-squared = 8.1894, df = 2, p-value = 0.01666 

Computing Dunn’s multiple comparison test
install.packages("FSA")
library(FSA)
## FSA v0.8.25. See citation('FSA') if used in publication.
## Run fishR() for related website and fishR('IFAR') for related book.
dunnTest(Effectiveness~TypesLearning)
Dunn (1964) Kruskal-Wallis multiple comparison
  p-values adjusted with the Holm method.
              Comparison          Z     P.unadj      P.adj
1 Augmented - Simulation -0.7112708 0.476916451 0.47691645
2    Augmented - Virtual -2.7561743 0.005848182 0.01754455
3   Simulation - Virtual -2.0449035 0.040864372 0.08172874

tmp<-dunnTest(Effectiveness~TypesLearning)
print(tmp,dunn.test.results = TRUE)	# generic printing of an object
  Kruskal-Wallis rank sum test 
  
 data: x and g 
 Kruskal-Wallis chi-squared = 8.1894, df = 2, p-value = 0.02 
  
  
                              Comparison of x by g                               
                                     (Holm)                                      
 Col Mean-| 
 Row Mean |   Augmente   Simulati 
 ---------+---------------------- 
 Simulati |  -0.711270 
          |     0.4769 
          | 
  Virtual |  -2.756174  -2.044903 
          |    0.0175*     0.0817 
  
 alpha = 0.05 
 Reject Ho if p <= alpha 
