
Practice Midterm Solution, R 

#1 

#Ho:  Mu1 = Mu2 = Mu3= Mu4 vs. Ha:  At least one of the means differ

s from the others. 

#Input data: 

haziness = c(8.52,9.21,10.45,10.23,8.75,9.32,9.65,12.50,11.84,12.69, 

               12.43,12.78,13.15,12.89,8.45,10.89,11.49,12.87,14.52  

              ,13.94,13.16,10.73,8.00,9.75,8.71,10.45,11.38,11.35) 

coating <- c(rep("1",7), rep("2",7), rep("3",7),rep("4",7))  

increment <- data.frame(coating,haziness);increment  

##    coating haziness 

## 1        1     8.52 

## 2        1     9.21 

## 3        1    10.45 

## 4        1    10.23 

## 5        1     8.75 

## 6        1     9.32 

## 7        1     9.65 

## 8        2    12.50 

## 9        2    11.84 

## 10       2    12.69 

## 11       2    12.43 

## 12       2    12.78 

## 13       2    13.15 

## 14       2    12.89 

## 15       3     8.45 

## 16       3    10.89 

## 17       3    11.49 

## 18       3    12.87 

## 19       3    14.52 

## 20       3    13.94 

## 21       3    13.16 

## 22       4    10.73 

## 23       4     8.00 

## 24       4     9.75 

## 25       4     8.71 

## 26       4    10.45 



## 27       4    11.38 

## 28       4    11.35 

#Give the side by side boxplot of the means in four groups. 

boxplot(haziness ~ coating, data=increment) 

 

#The output shows the means are different, and the variances are dif

ferent either. 

#Apply one way anova to the data and summary the results. 

results = aov(haziness ~ coating, data=increment) 

summary(results) 

##             Df Sum Sq Mean Sq F value  Pr(>F)     

## coating      3  51.07  17.022   10.12 0.00017 *** 

## Residuals   24  40.35   1.681                     

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

#Studying the output of the ANOVA table above we see that the F-stat

istic is 10.12 with a p-value equal to 0.00017. 

#Hence We clearly reject the null hypothesis of equal means for the 

four groups and conclude that there is at least one of the means dif

fers from the others. 

 
 



pairwise.t.test(haziness, coating, p.adjust="bonferroni")  

##  

##  Pairwise comparisons using t tests with pooled SD  

##  

## data:  haziness and coating  

##  

##   1       2       3       

## 2 0.00075 -       -       

## 3 0.00354 1.00000 -       

## 4 1.00000 0.00687 0.03066 

##  

## P value adjustment method: bonferroni 

#The result shows differences in means is not significantly beteewn 

2&3 and 1&4.But it is significantly between 1&2 1&3 2&4 and 3&4. 

 
TukeyHSD(results, conf.level = 0.95) 

##   Tukey multiple comparisons of means 

##     95% family-wise confidence level 

##  

## Fit: aov(formula = haziness ~ coating, data = increment) 

##  

## $coating 

##           diff        lwr        upr     p adj 

## 2-1  3.1642857  1.2523059  5.0762656 0.0006800 

## 3-1  2.7414286  0.8294487  4.6534084 0.0030923 

## 4-1  0.6057143 -1.3062656  2.5176941 0.8181913 

## 3-2 -0.4228571 -2.3348370  1.4891227 0.9278699 

## 4-2 -2.5585714 -4.4705513 -0.6465916 0.0058805 

## 4-3 -2.1357143 -4.0476941 -0.2237344 0.0245887 

#The analysis is consistent with the analysis in pairwise.t.test.  

 
#Give the plots for result in anova. 

par(mfrow=c(2,2)) 

plot(results) 



 

#There are 3 plots show the relationship between residuals and fixed

 values. 

#For example, the 1st plot, we can see the residuals are not always 

close to 0, 

#the residual in 3rd group is larger than in other groups. 

#The normality is satisfied. 

#Perform t test to compare the mean haziness between coatings 1 and 

2. 

coatings1<-haziness[1:7] 

coatings2<-haziness[8:14] 

#The data size is 7 for coatings1 and coatings2, so we use shapiro.t

est to check the normality. 

shapiro.test(coatings1) 

##  

##  Shapiro-Wilk normality test 

##  

## data:  coatings1 

## W = 0.9536, p-value = 0.7623 

shapiro.test(coatings2) 

##  

##  Shapiro-Wilk normality test 

##  



## data:  coatings2 

## W = 0.9498, p-value = 0.7281 

#Both P-values are large enough so we cannot reject data of these tw

o groups follow normal distribution. 

var.test(coatings1, coatings2) 

## F test to compare two variances 

## data:  coatings1 and coatings2 

## F = 2.9517, num df = 6, denom df = 6, p-value = 0.2135 

## alternative hypothesis: true ratio of variances is not equal to 1 

## 95 percent confidence interval: 

## 0.507194 17.178440 

 
#Hence we perform pooled-variance t test. 

t.test(coatings1, coatings2, var.equal=T) 

##  

## Two Sample t-test 

##  

## data:  coatings1 and coatings2 

## t = -10.1025, df = 12, p-value = 3.207e-07 

## alternative hypothesis: true difference in means is not equal to 

0 

## 95 percent confidence interval: 

##  -3.865657 -2.462914 

## sample estimates: 

## mean of x mean of y  

##  9.447143 12.611429 

# We perform two-sided pooled-variance t-test. 

# The result show a very low p-value, and notice that mean of x & y 

  are 9.45 & 12.61 respectively. We reject the null hypothesis that 

  there is no difference between coatings 1 and 2 in means.  

 

 

 

 

 



#2 

#Input data 

fertilizer = c(rep("low",8), rep("medium",8),rep("high",8)) 

density = c(rep(c(rep("regular",4), rep("thick",4)),3)) 

yield = c(37.5, 36.5, 38.6, 36.5, 37.4, 35.0, 38.1, 36.5, 

          48.1, 48.3, 48.6, 46.4, 36.7, 36.4, 39.3, 37.5, 

          48.5, 46.1, 49.1, 48.2, 45.7, 45.7, 48.0, 46.4) 

data<-data.frame(fertilizer,density,yield);data 

##    fertilizer density yield 

## 1         low regular  37.5 

## 2         low regular  36.5 

## 3         low regular  38.6 

## 4         low regular  36.5 

## 5         low   thick  37.4 

## 6         low   thick  35.0 

## 7         low   thick  38.1 

## 8         low   thick  36.5 

## 9      medium regular  48.1 

## 10     medium regular  48.3 

## 11     medium regular  48.6 

## 12     medium regular  46.4 

## 13     medium   thick  36.7 

## 14     medium   thick  36.4 

## 15     medium   thick  39.3 

## 16     medium   thick  37.5 

## 17       high regular  48.5 

## 18       high regular  46.1 

## 19       high regular  49.1 

## 20       high regular  48.2 

## 21       high   thick  45.7 

## 22       high   thick  45.7 

## 23       high   thick  48.0 

## 24       high   thick  46.4 

plot(yield ~ fertilizer + density, data=data) 



 

 

#The boxplots shows there are significant difference in yields for t

he different fertilizer levels and density levels. 

interaction.plot(data$density, data$fertilizer, data$yield) 



 

#The interaction plot shows the three lines are not parallel. 

#Next, we do two way anova with interaction term. 

results = lm(yield ~ fertilizer + density + fertilizer*density, data

=data) 

anova(results) 

## Analysis of Variance Table 

##  

## Response: yield 

##                    Df Sum Sq Mean Sq F value    Pr(>F)     

## fertilizer          2 417.77 208.887 150.203 5.897e-12 *** 

## density             1 102.92 102.920  74.007 8.580e-08 *** 

## fertilizer:density  2 117.56  58.782  42.268 1.583e-07 *** 

## Residuals          18  25.03   1.391                       

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

#All three P-values are very low, hence we get the conclusion: 

#There is a significant interaction between fertilizer and density. 

#The main effect of both density and fertilizer are significant. 

#The means of fertilizer, density and fertilizer*density are 208.887,

 102.920, 58.782 as shown in the output. 

 
#Boxplot for checking homogeneity of variances and residual plots. 

par(mfrow=c(1,1)) 

boxplot(yield ~ fertilizer + density + fertilizer*density, data=data) 



 

par(mfrow=c(2,2)) 

plot(results) 

 

# From plots, we confirm that the assumptions of linearity, constant

 of variances, normality of residuals and independence have met. 



#3 

#Input data: 

relief<-c(24.5,23.5,26.4,27.1,29.9,28.42,34.2,29.5,32.2,30.1,26.1,28.

3,24.3,26.2,27.8) 

brand<-c(rep(1,5),rep(2,5),rep(3,5)) 

#We have two way to perform our generalized linear model: 

#(1) setting up 2 dummy variables by ourselves -- a typical practice

 is to make one group the baseline or reference group; 

#(2) directly let the procedure know which variable is a categorical

 variable using certain statement. 

#Set two dummy variables 

#(1) 

brand2 = c(rep(0,5),rep(1,5),0,0,0,0,0) 

brand3 = c(rep(0,10),1,1,1,1,1) 

mod2<-glm(relief ~ brand2+brand3) 

summary(mod2) 

##  

## Call: 

## glm(formula = relief ~ brand2 + brand3) 

##  

## Deviance Residuals:  

##    Min      1Q  Median      3Q     Max   

## -2.780  -1.582  -0.340   1.288   3.620   

##  

## Coefficients: 

##             Estimate Std. Error t value Pr(>|t|)     

## (Intercept)  26.2800     0.9663  27.195 3.76e-12 *** 

## brand2        4.6040     1.3666   3.369  0.00558 **  

## brand3        0.2600     1.3666   0.190  0.85229     

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##  

## (Dispersion parameter for gaussian family taken to be 4.669093) 

##  

##     Null deviance: 122.920  on 14  degrees of freedom 

## Residual deviance:  56.029  on 12  degrees of freedom 

## AIC: 70.335 

##  

## Number of Fisher Scoring iterations: 2 



#(2) 

mod1<-glm(relief ~ factor(brand)) 

summary(mod1) 

##  

## Call: 

## glm(formula = relief ~ factor(brand)) 

##  

## Deviance Residuals:  

##    Min      1Q  Median      3Q     Max   

## -2.780  -1.582  -0.340   1.288   3.620   

##  

## Coefficients: 

##                Estimate Std. Error t value Pr(>|t|)     

## (Intercept)     26.2800     0.9663  27.195 3.76e-12 *** 

## factor(brand)2   4.6040     1.3666   3.369  0.00558 **  

## factor(brand)3   0.2600     1.3666   0.190  0.85229     

## --- 

## Signif. codes:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 

##  

## (Dispersion parameter for gaussian family taken to be 4.669093) 

##  

##     Null deviance: 122.920  on 14  degrees of freedom 

## Residual deviance:  56.029  on 12  degrees of freedom 

## AIC: 70.335 

##  

## Number of Fisher Scoring iterations: 2 

#You can see that the outputs of (1) and (2) are same. 

#The Intercept = 26.2800 estimates the relief time of brand1 is 26.2

800. 

#P-value of factor(brand)2 is big, so we cannot reject Ho that brand

3 pain killer has the same relief time with brand1.  

#But P-value of factor(brand)3 is very samll, and the cofficient est

imation is 4.6040, hence we reject Ho and think brand2 pain killer's

 relief time is longer than brand1 and brand3. 

#Next we just focus on mod1. 

par(mfrow=c(2,2))  

plot(mod1) 



 

#The four plots show that the assumptions are basically satisfied. 

#Please remember we can use function lm() here as well, it is same w

ith glm.  

#While glm() in R has stronger function, that is to set a parameter 

of family like poisson, we may learn this later. 


