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Purpose: 

We will explore the sampling distribution of sugarcane varieties most affected by the 
disease “carvão da cana-de-açúcar”1, also known as sugarcane smut.  This dataset is found 
in the package for bootstrap located in R.Studio: cane{boot}.  Initially my goal was to 
perform a bootstrap on the data.  However, I began to question using the bootstrap 
procedure after encountering issues and working with the data.  I opted to perform an 
analysis of variance (ANOVA) instead2. 

  

3 

 

 

 

                                                           
1Canaoeste. Associação dos Plantadores de Cana do Oeste do Estado de São Paulo. 16 July 2016. 
http://www.canaoeste.com.br/conteudo/doencas-da-cana 
2 Before submitting the revision of this project, I consulted other sources.  The employed similar techniques.  
"Variabilidade patogênica de Ustilago scitaminea no estado de São Paulo". Rago, Alejandro Mario et al. Summma 
phytopathol, vol. 35., no 2. Botucatu. 
June 2009. http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0100-54052009000200002. 
3 Gupta, Ved Prakash. Agricultural Research Station, Ummedganj, Kaithoon Road, P.O.Box # 7, G.P.O. Nayapura, Kota-324001 
(Rajasthan), INDIA. http://www.apsnet.org/publications/imageresources/Pages/IW000024.aspx 

http://www.canaoeste.com.br/conteudo/doencas-da-cana
http://www.scielo.br/scielo.php?script=sci_arttext&pid=S0100-54052009000200002
http://www.apsnet.org/publications/imageresources/Pages/IW000024.aspx
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Definition of Variables: 

The variables included in the dataset are as follows: 

o n: total number of shoots in each plot 

 Shoots per plot range from 29 to 243. 

 

o r: number of diseased shoots in each plot 

 Diseased shoots per plot range from 0 to 131. 

 

o x: number of stem pieces planted in each plot 

 These pieces were previously soaked in a solution containing carvão da 

cana-de-açúcar.   

 The treated steam pieces per plot range from 1 to 36. 

 

o var: qualitative factor indicating variety of sugarcane in each plot 

 The data includes four observations of 45 sugarcane varieties. 

 The species names are not included within the dataset. 

 The varieties include those listed here: 

http://www.pmgca.ufscar.br/variedades. 

 

o block: factor for the blocks 

 There are four blocks: A, B, C, and D.   

 Each block contains one of each sugarcane variety. 

 A block length is 45 (one repetition of each sugarcane variety). 

 

Objective: 

We are interested in seeing which varieties of sugarcane are most susceptible to disease.   
Before running the ANOVA, we create new variables and visualize the data in other forms. 

o cane$disease.susceptibility.ratio = 
𝑐𝑎𝑛𝑒$𝑟

𝑐𝑎𝑛𝑒$𝑛
 

o cane$sprout.ratio = 
𝑐𝑎𝑛𝑒$𝑥

𝑐𝑎𝑛𝑒$𝑛
 

 

http://www.pmgca.ufscar.br/variedades
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A boxplot will be used to visually see the dispersion of observations for n, x, and r.  It is 
important to know if the observations in the second and third quartile are close to the median.  
We also want to note the whisker length, symmetry, and existence of multiple outliers. 

We will work with two new variables, “sprout.ratio” and “disease.susceptibility.ratio”.  A 
stem plot is created to quickly compare susceptibility rates.   

Next we load the lattice package to create a side-by-side boxplot.  I run these three 
times to see all of the susceptibility boxplots, the varieties with susceptibilities above 0.4, and 
the two varieties with susceptibilities above 0.8.  An ANOVA table is created and we begin to 
run a Tukey hypothesis test.  We want to see if different pairings of sugarcane varieties have 
equal or different disease susceptibilities at the 5% significance level. 

 ANOVA is useful when modeling a response between two factors when one is  
quantitative and the other is categorical.  We have to define the ANOVA regressions as a new  
function in order to perform the Tukey hypothesis test.  From here we can reject the null  
hypothesis and conclude the alternative hypothesis, or fail to reject the null.   

Procedure: 

#The cane package is loaded from the bootstrap function library. 
 
> library("boot", lib.loc="C:/Program Files/R/R-3.1.2/library") 
> cane 
 
#Are there outliers for n, r, and x?  We create a boxplot only for these  
three variables.  We exclude data for columns 4 through 6. 
 
 > three.variables <- cane[-(4:6)] 
 
par(mfrow = c(1,1)) 
boxplot(three.variables) 

boxplot(three.variables, notch = TRUE, col = c("blue", "green", "yellow"), 
main = "Observations per experiment", xlab = "quantitative variables of 
interest", ylab = "counts per experiment") 
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#These are the three variables used to create two ratios, one that measures 
the sprouting rate and the other to determine a disease susceptibility ratio.  
We will use both in the ANOVA, although for this project we are more 
interested in the disease susceptibility ratio.  

# Both ratios should be created as functions within the data frame. 

> cane$disease.susceptibility.ratio <- cane$r/cane$n 
 
#This is the number of pieces of stems planted in each plot over the total  
number of shoots in each plot. 
 
> cane$sprout.ratio <- cane$x/cane$n 
 
#This is the number of cane stalks per total number of sprouts in a plot.  A  
single stalk could create many sprouts if the variety is particularly  
resistant to the disease.  Alternatively, an infected sprout may produce very 
few sprouts.  This result could be highly influenced by extraneous variables 
(human involvement, climatic occurrences, etc).  Given these doubts, I  
decided to focus on the disease.susceptibility.ratio and to conclude the  
with a Tukey hypothesis test.  I ran an ANOVA regression for sprout.ratio,  
but did not subject it to the Tukey hypothesis test. 
 
# A simple steam plot can be used to see the disease susceptibility measures.  
Many of the 45 varieties have a low susceptibility (defined as diseased  
shoots over total shoots per plot). 
 
> stem(cane$disease.susceptibility.ratio) 
 
  The decimal point is 1 digit(s) to the left of the | 
 
   0 | 00000000000000000000000000111112222222233333334444444555556666777777+3 
   1 | 0000001111122223333444444555556666677789 



Abraldes, Peter   

5 
 

   2 | 001111122222233445666679 
   3 | 0223555588 
   4 | 02244567 
   5 | 3348 
   6 | 2468 
   7 | 1499 
   8 | 7 
   9 | 0 
  10 | 0 
 
# Now we can create a side-by-side boxplot and ANOVA table.  Afterwards we  
can conduct the Tukey hypothesis test 4. 
 
> library(lattice) 
> bwplot(~cane$disease.susceptibility.ratio | cane$var, main = "Ratio of 
Disease Susceptibility", xlab = "Each variety is represented within its own 
boxplot.") 

# Below we have the ranges of disease susceptibility for each variety  
of sugarcane.  There are 45 varieties which reduces the screen space for each 
plot.   

 

 

 
#We can create a boxplot for the sprout.ratio as a quick visual comparison. 
 
> bwplot(~cane$sprout.ratio | cane$var, main = "Probability of Cane Sprout", 
xlab = "Each variety is represented within its own boxplot.") 

                                                           
4 "ANOVA in R". Boone, Edward. 23 April 2010. https://www.youtube.com/watch?v=Dwd3ha0P8uw. 

https://www.youtube.com/watch?v=Dwd3ha0P8uw
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#We can also look at the boxplot set up this way. 

plot(cane$disease.susceptibility.ratio ~ cane$var, data = cane, main = 
"Disease susceptibility of sugarcane", xlab = "Variety", ylab= 
"susceptibility rate") 
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#The disadvantage with this boxplot setup is that not each variety is 
labeled.  Varieties are also not listed in an ordinal arrangement, so we 
cannot decipher varieties by others close by.   We should reduce the amount 
of varieties via first method for the side boxplot bwplot().   

#However, the second plot does clearly contrast varieties 1 and 3 from the 
cohort.  I would like to include these two varieties in the ANOVA because of 
their exceptionally high disease susceptibility ratios. 

#Next, we can reduce the overall boxplot count that appears by establishing a 
minimum disease susceptibility threshold.  I do this twice below in order to 
determine which varieties I want to use in ANOVA. 

> bwplot(~cane$disease.susceptibility.ratio | cane$var[which(cane$disease.sus
ceptibility.ratio > 0.4)], main = "Varieties with susceptibility ratios above 
40%", xlab = "Disease Susceptibility Ratio (cane$r/cane$n)") 

#The fourteen varieties below have observations that include susceptibility 
measures above 0.4.   Variety names are indicated in the pink bar above each 
individual boxplot.  Notice that outliers that also be responsible for 
placing a sugarcane variety in this category (i.e.: variety 16).  We can trim 
our data in the future to account for these outliers. 

 

 

 
 

#Now we create a boxplot for varieties with exceptionally high disease 
susceptibility ratios.  Varieties one and three are represented below. 

#Farmers want to ensure that they avoid planting certain varieties of  
sugarcane that are especially susceptible to the disease.  Varieties 1 and 3 
have a very high disease susceptibility ratio.  Variety 1 has multiple outlie
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rs, but so does variety 22.  However, as we see variety 22 does not appear in 
the next set of boxplots as we increase the threshold. 
 
> bwplot(~cane$disease.susceptibility.ratio | cane$var[which(cane$disease.sus
ceptibility.ratio > 0.8)], main = "Varieties with susceptibility ratios above 
80%", xlab = "Disease Susceptibility Ratio (cane$r/cane$n)") 

 

 
 
 
#Next I would like to include only the first five sugarcane varieties in a  
dataset for the ANOVA. 
 
#Here are two representations of this procedure.  The first creates a subset 
for each variety, allowing you to quickly compare figures of the same variety
.  The second includes all five varieties within the same subset. 
 

#Creating individual subsets for each variety. 

> variety.1 <- subset(cane, cane$var == "1") 
> variety.2 <- subset(cane, cane$var == "2") 
> variety.3 <- subset(cane, cane$var == "3") 
> variety.4 <- subset(cane, cane$var == "4") 
> variety.5 <- subset(cane, cane$var == "5") 
 

> variety.1 
     n  r  x var block sprout.ratio disease.susceptibility.ratio 
1   87 76 19   1     A    0.2183908                    0.8735632 
46  70 70 12   1     B    0.1714286                    1.0000000 
91  73 54 25   1     C    0.3424658                    0.7397260 
136 59 39 14   1     D    0.2372881                    0.6610169 
> variety.2 
      n  r  x var block sprout.ratio disease.susceptibility.ratio 
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2   119  8 14   2     A   0.11764706                   0.06722689 
47  125 21 13   2     B   0.10400000                   0.16800000 
92  130 10 12   2     C   0.09230769                   0.07692308 
137 177 26 15   2     D   0.08474576                   0.14689266 
> variety.3 
      n  r x var block sprout.ratio disease.susceptibility.ratio 
3    94 74 9   3     A   0.09574468                    0.7872340 
48  105 95 9   3     B   0.08571429                    0.9047619 
93   71 44 6   3     C   0.08450704                    0.6197183 
138  48 38 3   3     D   0.06250000                    0.7916667 
> variety.4 
      n  r  x var block sprout.ratio disease.susceptibility.ratio 
4    95 11 12   4     A   0.12631579                    0.1157895 
49  104 21 12   4     B   0.11538462                    0.2019231 
94  104 15 13   4     C   0.12500000                    0.1442308 
139 165 41 11   4     D   0.06666667                    0.2484848 
> variety.5 
      n r  x var block sprout.ratio disease.susceptibility.ratio 
5   134 0 12   5     A   0.08955224                   0.00000000 
50  115 6 25   5     B   0.21739130                   0.05217391 
95  195 3 19   5     C   0.09743590                   0.01538462 
140 150 5 15   5     D   0.10000000                   0.03333333 
This can also be done more efficiently as follows: 
 

#Creating one subset for the first five varieties. 

subset(cane, var == "1" | var =="2" | var == "3" | var == "4" | var == "5") 
      n  r  x var block    ratio.1 disease.susceptibility.ratio 
1    87 76 19   1     A 0.21839080                   0.87356322 
2   119  8 14   2     A 0.11764706                   0.06722689 
3    94 74  9   3     A 0.09574468                   0.78723404 
4    95 11 12   4     A 0.12631579                   0.11578947 
5   134  0 12   5     A 0.08955224                   0.00000000 
46   70 70 12   1     B 0.17142857                   1.00000000 
47  125 21 13   2     B 0.10400000                   0.16800000 
48  105 95  9   3     B 0.08571429                   0.90476190 
49  104 21 12   4     B 0.11538462                   0.20192308 
50  115  6 25   5     B 0.21739130                   0.05217391 
91   73 54 25   1     C 0.34246575                   0.73972603 
92  130 10 12   2     C 0.09230769                   0.07692308 
93   71 44  6   3     C 0.08450704                   0.61971831 
94  104 15 13   4     C 0.12500000                   0.14423077 
95  195  3 19   5     C 0.09743590                   0.01538462 
136  59 39 14   1     D 0.23728814                   0.66101695 
137 177 26 15   2     D 0.08474576                   0.14689266 
138  48 38  3   3     D 0.06250000                   0.79166667 
139 165 41 11   4     D 0.06666667                   0.24848485 
140 150  5 15   5     D 0.10000000                   0.03333333 
 
#I have to next distinguish the subset from the rest of the data.  This is  
important if I want to just perform the ANOVA on the observations for the  
five varieties. 
 
> a <- subset(cane, var == "1" | var =="2" | var == "3" | var == "4" | var == 
"5") 
 
#From the boxplot visualizations and the ratio counts above, we see how  
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widely these ratios vary per variety, but we need to see if the changes are  
statistically significant in order to reject the null hypothesis. 
 
#We can define the null hypothesis as all varieties having the same disease  
susceptibility rates.  The alternative hypothesis is that disease  
susceptibility will vary according to variety with alpha at 5%. 
 
# We can move beyond the boxplot graphs and perform an ANOVA. 
 
> aov(a$sprout.ratio ~ a$var) 
Call: 
   aov(formula = a$sprout.ratio ~ a$var) 
 
Terms: 
                     a$var  Residuals 
Sum of Squares  0.06525659 0.03042038 
Deg. of Freedom          4         15 
 
Residual standard error: 0.04503361 
Estimated effects may be unbalanced 
 
 
> aov(a$disease.susceptibility.ratio ~ a$var) 
Call: 
   aov(formula = a$disease.susceptibility.ratio ~ a$var) 
 
Terms: 
                    a$var Residuals 
Sum of Squares  2.3447822 0.1279891 
Deg. of Freedom         4        15 
 
Residual standard error: 0.0923721 
Estimated effects may be unbalanced 
 
#We then have to store the two ANOVA as values within the R.Studio Global Environment. 
 
> analysis.disease <- aov(a$disease.susceptibility.ratio ~ a$var) 
> analysis.sprout <- aov(a$sprout.ratio ~ a$var) 
 
#Now we can perform the hypothesis testing via the p-value approach for both ratio  
variables. 
 

 

> TukeyHSD(analysis.disease) 
  Tukey multiple comparisons of means 
    95% family-wise confidence level 
 
Fit: aov(formula = a$disease.susceptibility.ratio ~ a$var) 
 
$`a$var` 
           diff        lwr         upr     p adj 
2-1 -0.70381589 -0.9055097 -0.50212213 0.0000002 
3-1 -0.04273132 -0.2444251  0.15896244 0.9631632 
4-1 -0.64096951 -0.8426633 -0.43927574 0.0000006 
5-1 -0.79335358 -0.9950473 -0.59165982 0.0000000 
3-2  0.66108458  0.4593908  0.86277834 0.0000004 
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4-2  0.06284639 -0.1388474  0.26454015 0.8676783 
5-2 -0.08953769 -0.2912315  0.11215607 0.6540362 
4-3 -0.59823819 -0.7999320 -0.39654443 0.0000014 
5-3 -0.75062227 -0.9523160 -0.54892850 0.0000001 
5-4 -0.15238408 -0.3540778  0.04930969 0.1881572 

 
> TukeyHSD(analysis.sprout) 
  Tukey multiple comparisons of means 
    95% family-wise confidence level 
 
Fit: aov(formula = a$sprout.ratio ~ a$var) 
 
$`a$var` 
            diff         lwr         upr     p adj 
2-1 -0.142718188 -0.24104872 -0.04438766 0.0034234 
3-1 -0.160276814 -0.25860735 -0.06194628 0.0011954 
4-1 -0.134051548 -0.23238208 -0.03572102 0.0057945 
5-1 -0.116298456 -0.21462899 -0.01796792 0.0170813 
3-2 -0.017558626 -0.11588916  0.08077191 0.9800810 
4-2  0.008666639 -0.08966389  0.10699717 0.9986512 
5-2  0.026419732 -0.07191080  0.12475026 0.9172260 
4-3  0.026225266 -0.07210527  0.12455580 0.9192049 
5-3  0.043978358 -0.05435217  0.14230889 0.6480093 
5-4  0.017753092 -0.08057744  0.11608362 0.9792629 
 
 

Conclusion: 

 
#Since this a two-sided test, we want to double the p-values for each  
variety pairing. If the resulting value is less than or equal to the alpha (0
.05) in our null hypothesis, we reject the null hypothesis and conclude the  
alternative hypothesis.  The alternative hypothesis is that there is a  
difference in disease susceptibility between two varieties of sugarcane. 
 
#After multiplying the p-adj value by two, the new value must be less than or 
equal to 0.05 to reject the null hypothesis.  The largest p-adj from the  
table that could be used to reject the null hypothesis is p-adj = 0.225. 
 
#For disease susceptibility, we reject the null hypothesis that these ratios 
are equal in the following variety pairings: 
 
1 2 
1 4 
1 5 
3 2 
3 4 
3 5 
 
#If we refer back to our side boxplot, this result is not surprising.   
Varieties 1 and 3 have much high disease susceptibility rates than the other 
varieties 2, 4, and 5. 

 
 
 


