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Last time we examined the smoothed bootstrap, this month we demonstrate the calculation of
a robust correlation measure. The GNU S language, "R" is used to implement this procedure.
R is a statistical programming environment that is a clone of the S and S-Plus language
developed at Lucent Technologies. In the following document we illustrate the use of a GNU
Web interface to the R engine on the "rss" server, http://rss.acs.unt.edu/cgi-bin/R/Rprog. This
GNU Web interface is a derivative of the "Rcgi" Perl scripts available for download from the
CRAN Website, http://www.cran.r-project.org (the main "R" Website). Scripts can be
submitted interactively, edited, and be re-submitted with changed parameters by selecting the
hypertext link buttons that appear below the figures. For example, clicking the "Run
Program™ button below creates 100 random numbers from a bivariate normal distribution;
uses linear regression to fit a least squares line to two of the columns of data; and calculates
person's product moment correlation. To view any text output, scroll to the bottom of the
browser window. To view the scatterplot, select the "Display Graphic" link. The script can be
edited and resubmitted by changing the script in the form window and then selecting "Run
the R Program”. Selecting the browser "back page™ button will return the reader to this
document.
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# n=samplesize;p=numberf columns
# u=meanof columns:s=standardleviation
# of columns;S=correlatiomatrix

mvrnorm<- function(n,p, u, s, S){
Z <- matrix(rnorm(n*p),p, n)
t(u + s*t(chol(S))%*%2)

# Samplefrom BivariateNormal

z<-mvrnorm(n=100p=2,u=c(100,100)s=c(15,15) S=matrix(c(1,4, .4, 1), ncol=2,
nrow=2,byrow=T))

# Fit leastsquaregegression

z.fit<-Im(z[,1]~z[,2])
z.fit

# Plot scatterplot
plot(z[,1], z[,2])

# Plot bestfit line
abline(z.fit)

# CalculatePearson'€orrelation
cor(z[,1],z[,2])

RunProgram |

Pearson's Product Moment Correlation

Let (X,5).....(X, Y, bearandom sample from a bivariate distribution. The sample
estimate of the population correlation g is given by:

o 2E-DED
2P EFY

If X'and Y are independent, g=0. A test of 7 -£=0 is based on the test statistic:

a2
2

T=p
1—#
where n is the number of X,Y pairs of scores. If HD is true, T has a Student's t distribution

with df = n-2 degrees of freedom if at least one of the marginal distributions is normal.
Reject ;:0=0if [T]24,_ ;. for the I-a@/2 quantile of Student's t distribution with n-2
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degrees of freedom. When the null hypothesis is true, the distribution of sample correlation
coefficients tends to be normally distributed for increasing sample size. The standard error of
this distribution of sample correlations is approximately:

When the sample size is reasonably large (#7=50), then it is possible to test the significance
of the sample correlation coefficient by forming the usual z statistic and referring it to the
normal distribution. In situations where one wishes to test for a non-zero value of the sample
correlation coefficient, many sources have recommended Fisher's r-toZ transformation when
computing confidence intervals, but it is not asymptotically correct when sampling from
nonnormal distributions. Moreover, simulation studies do not support Fisher's r-to-Z
transformation for small sample sizes. The S script below samples from a bivariate normal
distribution whose population correlation is .40. A scatterplot is plotted with a best fit
regression line added to the scatterplot. A classical t-test of the correlation coefficient is
performed, and the standard error under the null hypothesis is calculated. Change the script
below to have different sample sizes and see the effect of sample size on the standard error;
also see how the sample correlation fluctuates from sample to sample around the true
population correlation value. With smaller sample sizes, the sample correlation coefficient
can be quite different from the population value.

mvrnorm<- function(n,p, u, s, S){
Z <- matrix(rnorm(n* p), p, n)

t(u + s*t(chol(S))%*%Z)

}

z<-mvrnorm(n=100p=2,u=c(100,100)s=c(15,15) S=matrix(c(1,.4,4, 1), ncol=2,
nrow=2,byrow=T))

z.fit<-Im(z[,1]~z[,2])

plot(z[,1], z[,2])
abline(z.fit)

z.cor<-cor.test(z[,11z[,2])
stderr<-1/(length(z[,1]))*.5
stderr

z.cor

RunProgram |

Robust Correlation: The Biweight Midcorrelation

For an introduction to robust statistics and robust measures of location, see the July issue of
Benchmarks. Let (&,%)....(.X,. ) be a random sample from a bivariate distribution.

Following Wilcox (1997, page 197), let:
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+ OAAD
X

where £ is the median, and 4442 is the median absolute deviation. A sample estimate of

X X
the median absolute deviation is given by:

AAL =MED£M{‘X -
x 1 X

where Af is the sample median. MAD has a finite sample breakdown point of
X
approximately .5. Let ¥~ be a function of the ¥ scores as is L' is for the & scores. The
! i i i
sample biweight midcovariance between .= and I is given by:

AR -M )T B (- My:lﬂ 7
by (a-URX-SUR) b (-0 0)

where,

a =1 1f 121U =1, otherwizea =0

f 1 1
and
& =1 1f -19F =], otherwizse b =0
i 1 1

An estimate of the biweight midcorrelation between £ and ¥ is given by:

5
r= bay
b Sb:r;rsb}y

where 5. and s, are the biweight midvariance for the A" and I scores. The S script

below calculates both the Pearson product-moment correlation and the biweight
midcorrelation for a bivariate normal distribution whose population correlation is .40. An
outlier is added to the sample, and then the two correlation coefficients are recalculated and
compared again. A scatterplot with a best fit line is plotted after the outlier is added. Try
changing various parameters and resubmitting the S script.

####Calculatebiweightmidcovariance
#### from Wilcox (1997).

bicov<-function(xy){
mx <- median(x)

my <-median(y)

ux <- abs((x- mx)/(9* gnorm(0.75) mad(x)))

uy<- abs((y- my)/(9* anom(0.757 mad(y))

aval<- ifelse(ux<= 1,1,0)

bval <- felse(uy<= 1 1.0)

top<-sum(avak (x - mx)* (- ux"2)"2* bval* (y - my)* (L- uy"2)"2)
top<- length(x)* top

botx <- sum(avak (- ux"2)* (1-5* ux"2))

boty <- sum(bval* (1- uyr2)* (1-5* uy"2))

bi <- top/(botx* boty)

bi

}
####Calculatebiweightmidcorrelation.

bicor<-function(x,y)}{

X <-as.numeric(x)

y<-as.numeric(y)
bicov(x,y)/(sart(bicov(x,x)*bicov(y.y)))
}

#####Samplefrom multivariatenormal
mvrnorm<- function(np, u,s, S){

Z <- matrix(rorm(n* p), p, n)
t(u + s*t(chol(S))%*%Z)
}

2 <- mvmorm(n=100p=2,u=c(100,100)s=c(15,15)S=matrix(c(1.4, .4, 1), ncol=2,nrow=2, byrow=T))
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####Calculatebiweightmidcovariance
#### from Wilcox (1997).

bicov<-function(x,y){

mx <- median(x)

my <-median(y)

ux <- abs((x- mx)/(9* gnorm(0.75) mad(x)))

uy <- abs((y- my)/(9* gnorm(0.75) mad(y)))

aval<- ifelse(ux<=1,1,0)

bval <- ifelse(uy<=1, 1, 0)

top<- sum(avakF (x - mx)* (1 - ux*2)"2* bval* (y - my)* (1 - uy*2)"2)
top <- length(x)* top

botx <- sum(avaF (1 - ux"2)* (1-5* ux"2))

boty <- sum(bval* (1 - uy"2)* (1-5* uy"2))

bi <- top/(botx* boty)

bi

}

#### Calculatebiweightmidcorrelation.

bicor<-function(x,y){

X <-as.numeric(x)

y<-as.numeric(y)
bicov(x,y)/(sqgrt(bicov(x,x)*bicov(y,y)))
}

####Samplefrom multivariatenormal

mvrnorm<- function(n,p, u, s, S){
Z <- matrix(rnorm(n* p), p, n)

t(u + s*t(chol(S))%*%Z)

}

Z <- mvrnorm(n=100p=2,u=c(100,100)s=c(15,15) S=matrix(c(1,4, .4, 1), ncol=2,
nrow=2,byrow=T))

# PearsorCorrelationandRobustCorrelation
# beforeoutlier added

cor(z[,1],z[,2])
bicor(z[,1],z[,2])

# Add outlierto Y vectorfor smallestX value

Z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5
z.fit<-Im(z[,1]~z[,2])

plot(z[,1], [,2])

abline(z.fit)

# PearsorCorrelationandRobustCorrelation
# afteroutlier added

cor(z[,1],z[,2])
bicor(z[,1],z[,2])
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####Calculatebiweightmidcovariance
##### from Wilcox (1997).

RunProgram |

Calculating Empirical P-values, Empirical Power, and
Confidence Intervals for a Robust Correlation Coefficient

The S script below calculates observed p-values, power, and confidence intervals for the
biweight midcorrelation coefficient. A comparison is made between the Pearson correlation
coefficient and the biweight midcorrelation before and after an outlier is added. Confidence
intervals are calculated by simulating the null sampling distribution, and also by sampling
from the alternate sampling distribution (Hall & Wilson, 1991). For details on calculating the
percentile bootstrap, and calculating power using the percentile bootstrap, see the September
issue of Benchmarks. For details on the percentile bootstrap see the August issue of
Benchmarks. After running the following S script, try changing various parameters: sample
size, population correlation, correlation coefficient (assign "est" to have value "bicor" or
"cor") and the size of the outlier (change the multiplying factor 2.5 to a smaller value).
Changing "est" to have value "cor" will allow one to calculate the p-value and power of the
observed sample for the Pearson product-moment correlation.

# Functionfor extractingM-Estimatorfrom theMASS Library
# CalculatingEmpirical P-values,

#Empirical Power andConfidence

# Intervalsfor aRobustCorrelation

# CoefficientPopulatiorparameters

pop.cor<-.40
popl.mean<-100
popLstdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

# Samplefrom bivariatenormaldistribution
#with givenparameters

# Setrandomnumbergeneratoseed
set.seed(12)

z<-mvimorm(n=sample.sizpF2, u=C(popL.mean, pop2. tdev,pop2. - 1pop.corpop.cor,1), ncol=2,nrow=2,byrow=T))

# Correlationbeforeadditionof outlier
cor.nolie<-cor(z[, 1]2[,2])

cor.nolie test<-cor.test(z[, 12])
bicor.nolie<-bicor(z[, 1]2[,2))

#Add outlierto Y vectorfor smallesiX value

2[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5

# Assigndatavectors

z.x<-z[1]

2y<-2[2)

###Setnumberof bootstrapsamples
nboot<-1000

###SetEstimationMethod
est<-bicor

# Select'cor" for Pearsom
# Select’bicor” for

# Calculateobserveceffect

cor.empirical<-cor(z.2.y)
diff.empirical<-est(z.xz.y)

S
# Ho:

#1o simulatecorrelatiorcoefficientunderHO
hodatax.list<-vector("listiboot)

for (i in L:nboot){

hodatax list[1<-sample(z size= length(z ) seplace=T)
hodatay.list<-vector("list'boot)

for (i in 1:nboot){
hodatay.list[[i[}<-sample(z.ysize= length(z.y) replace=T)
}

#Ca

#underHO samplingdistribution

hobvec<-unlist(iapply(L:nbootunction(i,x, y)est(x[fill, y[[ll). x = hodatax.listy = hodatay.list))
mean. hObvec<-mean(hObvec)

stdev.hObvec<-var(hObvec)".5

# CalculateCritical cutoffson HO Samplingdistribution

critlow<-quantile(hObvec, .025)
critup<-quantile(hObvec, 975)

# CalculateConfidencentervalsfrom HO;
#shift null samplingdistributionby observecbffect

ho.ci<-0
hO.ci[1] <- critlow + diff.empirical
h0.ci[2] <- critup + diff.empirical

#i###CalculateP-valuefor HO
length(hol

pvalue.empirical<-countinboot

# Samplefrom H1: Samplewith rows
#intact; bootstrapsamplingof row indices

data.index:- matrix(sample(length(z xize= length(z.x)* nboot,replace= T), nrow= nboot)

#1 indices# to extractthesamerow from bothX
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# Functionfor extracting\l-Estimatorfrom the MASS Library
# CalculatingEmpirical P-values,

#Empirical Power,andConfidence

#Intervalsfor aRobustCorrelation

# CoefficientPopulatiorparameters

pop.cor<-.40
popL.mean<-100
popLstdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

#Samplefrom bivariatenormaldistribution
#with givenparameters

#Setrandomnumbergeneratoseed
set.seed(12)

=c(pop1.mean,pop: tdev,pop: 1pop.cor pop.cor,1), ncol=2,nrow=2,byrow=T))

# Correlationbeforeadditionof outlier
cor.nolie<-cor(z[,1]2[,2])

cor.nolie test<-cor.test(z[, 13[.2])
bicor.nolie<-bicor(z[,1]2[.2))

#Add outlierto Y vectorfor smallestX value

2[z[ 1}

in(z[,1]),2]<-z[z[,1];

in(z[.1)).22.5

#Assigndatavectors

zx<2[1]
zy<-7[2]

### Setnumberof bootstrapsamples
nboot<-1000

#### SetEstimationMethod
est<-bicor

# Select'cor” for Pearsom
# Select'bicor” for
#

# Calculateobserveceffect

cor.empirical<-cor(z.z.y)
diff empirical<-est(z.xz.y)

R

#to simulatecorrelationcoefficientunderHO
hodatax.list<-vector("list'nboot)

for (i in L:nboot){

hodatax.list[[i[|<-sample(z.5size= length(z.x) replace=T)
}

hodatay.list<-vector("list'nboot)

for (i in 1:nboot){
hodatay.list([i}<-sample(z.ysize= length(z.y) replace=T)
}

#Ci

#underHO samplingdistribution

hobvec<-unlist(lapply(1:nbootunction(i,x, y)est(x[[ll. y[ill). x = hodatax.listy = hodatay.list))
mean.hObvec<-mean(hObvec)

stdev.hObvec<-var(hObvec)5

# CalculateCritical cutoffson HO Samplingdistribution

critiows-quantile(hObvec, 025)
critup<-quantile(hObvec,.975)

# CalculateConfidencentervalsfrom HO;
#shift null samplingdistributionby observecsffect

ho.ci<-0
hO.ci[1] <- critiow + diff.empirical
ho.cif2] <- critup + diff.empirical

####CalculateP-valuefor HO
length(h

pvalue.empirical<-count/nboot

# Samplefrom H1: Samplewith rows
#intact; bootstrapsamplingof row indices

data.index:- matrix(sample(length(z.xiize= length(z.x)* nboot replace= T), nrow= nboot)

#1 indices# from bothX
#andY vector

datax<- matrix(z.x[data. nboot, X))

datay<- matrix(z.y[data nboot, )

hidatax.list<-vector("list'boot)
for (i in L:nboot){h1datax list[[i}<-dataxfi]}
hidatay.list<-vector("list'nboot)

for (i in L:nboot){h1datay list[i]}<-datay[i ]}

# Calculatethe correlationunderH1 sampling
#distribution

hibvec<-unlist(iapply(1:nbootunction(i,, y) est(x((ill, yI[i), x = hidatax.listy = hidatay.list))
mean.hibvec<-mean(h1bvec)
stdev.h1bvec<-var(hlbvec)"5

# Calculateconfidencentervalsfrom H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec, 975)
hil.ci<-0

hi.ci[1] <- effectiow

hi.ci[2] <- effectup

# CalculateBootstrapEmpirical Power
thih

tlow<-length(hibvecth ]
power. il p
#it##ReportResults

#PearsorC i

# beforeoutlieris added
cor.nolie

cor.nolie.test
bicor.nolie

#Resultsafteraddingoutlier

#
#of RobustC !

mean.hObvec
stdev.hObvec

#Normaltheorystandarcerror

1/(length(z.x)".5)

#
#of RobustCt 41

mean.hibvec
stdev.hlbvec
mean.h1bvec-pop.cor
###Pearson andBias

cor.empirical
cor.empirical-pop.cor

###Robus(CorrelationandBias
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# Functionfor extracting\l-Estimatorfrom the MASS Library
# CalculatingEmpirical P-values,

#Empirical Power,andConfidence

#Intervalsfor aRobustCorrelation

# CoefficientPopulatiorparameters

pop.cor<-.40
popL.mean<-100
popLstdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

#Samplefrom bivariatenormaldistribution
#with givenparameters

#Setrandomnumbergeneratoseed
set.seed(12)

=c(pop1.mean,pop: tdev,pop: 1pop.cor pop.cor,1), ncol=2,nrow=2,byrow=T))

# Correlationbeforeadditionof outlier
cor.nolie<-cor(z[,1]2[,2])

cor.nolie test<-cor.test(z[, 13[.2])
bicor.nolie<-bicor(z[,1]2[.2))

#Add outlierto Y vectorfor smallestX value

2[z[ 1}

in(z[,1]),2]<-z[z[,1];

in(z[.1)).22.5

#Assigndatavectors

zx<2[1]
zy<-7[2]

### Setnumberof bootstrapsamples
nboot<-1000

#### SetEstimationMethod
est<-bicor

# Select'cor” for Pearsom
# Select'bicor” for
#

# Calculateobserveceffect

cor.empirical<-cor(z.z.y)
diff empirical<-est(z.xz.y)

R

#to simulatecorrelationcoefficientunderHO
hodatax.list<-vector("list'nboot)

for (i in L:nboot){

hodatax.list[[i[|<-sample(z.5size= length(z.x) replace=T)
}

hodatay.list<-vector("list'nboot)

for (i in 1:nboot){
hodatay.list([i}<-sample(z.ysize= length(z.y) replace=T)
}

#Ci

#underHO samplingdistribution

hobvec<-unlist(lapply(1:nbootunction(i,x, y)est(x[[ll. y[ill). x = hodatax.listy = hodatay.list))
mean.hObvec<-mean(hObvec)

stdev.hObvec<-var(hObvec)5

# CalculateCritical cutoffson HO Samplingdistribution

critiows-quantile(hObvec, 025)
critup<-quantile(hObvec,.975)

# CalculateConfidencentervalsfrom HO;
#shift null samplingdistributionby observecsffect

ho.ci<-0
hO.ci[1] <- critiow + diff.empirical
ho.cif2] <- critup + diff.empirical

####CalculateP-valuefor HO
length(h

pvalue.empirical<-count/nboot

# Samplefrom H1: Samplewith rows
#intact; bootstrapsamplingof row indices

data.index:- matrix(sample(length(z.xiize= length(z.x)* nboot replace= T), nrow= nboot)

#1 indices# from bothX
#andY vector

datax<- matrix(z.x[data. nboot, X))

datay<- matrix(z.y[data nboot, )

hidatax.list<-vector("list'boot)
for (i in L:nboot){h1datax list[[i}<-dataxfi]}
hidatay.list<-vector("list'nboot)

for (i in L:nboot){h1datay list[i]}<-datay[i ]}

# Calculatethe correlationunderH1 sampling
#distribution

hibvec<-unlist(iapply(1:nbootunction(i,, y) est(x((ill, yI[i), x = hidatax.listy = hidatay.list))
mean.hibvec<-mean(h1bvec)
stdev.h1bvec<-var(hlbvec)"5

# Calculateconfidencentervalsfrom H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec, 975)
hil.ci<-0

hi.ci[1] <- effectiow

hi.ci[2] <- effectup

# CalculateBootstrapEmpirical Power
thih

tlow<-length(hibvecth ]
power. il p
#it##ReportResults

#PearsorC i

# beforeoutlieris added
cor.nolie

cor.nolie.test
bicor.nolie

#Resultsafteraddingoutlier

#
#of RobustC !

mean.hObvec
stdev.hObvec

#Normaltheorystandarcerror

1/(length(z.x)".5)

#
#of RobustCt 41

mean.hibvec
stdev.hlbvec
mean.h1bvec-pop.cor
###Pearson andBias

cor.empirical
cor.empirical-pop.cor

###Robus(CorrelationandBias
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# Functionfor extracting\l-Estimatorfrom the MASS Library
# CalculatingEmpirical P-values,

#Empirical Power,andConfidence

#Intervalsfor aRobustCorrelation

# CoefficientPopulatiorparameters

pop.cor<-.40
popL.mean<-100
popLstdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

#Samplefrom bivariatenormaldistribution
#with givenparameters

#Setrandomnumbergeneratoseed
set.seed(12)

=c(pop1.mean,pop: tdev,pop: 1pop.cor pop.cor,1), ncol=2,nrow=2,byrow=T))

# Correlationbeforeadditionof outlier
cor.nolie<-cor(z[,1]2[,2])

cor.nolie test<-cor.test(z[, 13[.2])
bicor.nolie<-bicor(z[,1]2[.2))

#Add outlierto Y vectorfor smallestX value

2[z[ 1}

in(z[,1]),2]<-z[z[,1];

in(z[.1)).22.5

#Assigndatavectors

zx<2[1]
zy<-7[2]

### Setnumberof bootstrapsamples
nboot<-1000

#### SetEstimationMethod
est<-bicor

# Select'cor” for Pearsom
# Select'bicor” for
#

# Calculateobserveceffect

cor.empirical<-cor(z.z.y)
diff empirical<-est(z.xz.y)

R

#to simulatecorrelationcoefficientunderHO
hodatax.list<-vector("list'nboot)

for (i in L:nboot){

hodatax.list[[i[|<-sample(z.5size= length(z.x) replace=T)
}

hodatay.list<-vector("list'nboot)

for (i in 1:nboot){
hodatay.list([i}<-sample(z.ysize= length(z.y) replace=T)
}

#Ci

#underHO samplingdistribution

hobvec<-unlist(lapply(1:nbootunction(i,x, y)est(x[[ll. y[ill). x = hodatax.listy = hodatay.list))
mean.hObvec<-mean(hObvec)

stdev.hObvec<-var(hObvec)5

# CalculateCritical cutoffson HO Samplingdistribution

critiows-quantile(hObvec, 025)
critup<-quantile(hObvec,.975)

# CalculateConfidencentervalsfrom HO;
#shift null samplingdistributionby observecsffect

ho.ci<-0
hO.ci[1] <- critiow + diff.empirical
ho.cif2] <- critup + diff.empirical

####CalculateP-valuefor HO
length(h

pvalue.empirical<-count/nboot

# Samplefrom H1: Samplewith rows
#intact; bootstrapsamplingof row indices

data.index:- matrix(sample(length(z.xiize= length(z.x)* nboot replace= T), nrow= nboot)

#1 indices# from bothX
#andY vector

datax<- matrix(z.x[data. nboot, X))

datay<- matrix(z.y[data nboot, )

hidatax.list<-vector("list'boot)
for (i in L:nboot){h1datax list[[i}<-dataxfi]}
hidatay.list<-vector("list'nboot)

for (i in L:nboot){h1datay list[i]}<-datay[i ]}

# Calculatethe correlationunderH1 sampling
#distribution

hibvec<-unlist(iapply(1:nbootunction(i,, y) est(x((ill, yI[i), x = hidatax.listy = hidatay.list))
mean.hibvec<-mean(h1bvec)
stdev.h1bvec<-var(hlbvec)"5

# Calculateconfidencentervalsfrom H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec, 975)
hil.ci<-0

hi.ci[1] <- effectiow

hi.ci[2] <- effectup

# CalculateBootstrapEmpirical Power
thih

tlow<-length(hibvecth ]
power. il p
#it##ReportResults

#PearsorC i

# beforeoutlieris added
cor.nolie

cor.nolie.test
bicor.nolie

#Resultsafteraddingoutlier

#
#of RobustC !

mean.hObvec
stdev.hObvec

#Normaltheorystandarcerror

1/(length(z.x)".5)

#
#of RobustCt 41

mean.hibvec
stdev.hlbvec
mean.h1bvec-pop.cor
###Pearson andBias

cor.empirical
cor.empirical-pop.cor

###Robus(CorrelationandBias
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# Functionfor extracting\l-Estimatorfrom the MASS Library
# CalculatingEmpirical P-values,

#Empirical Power,andConfidence

#Intervalsfor aRobustCorrelation

# CoefficientPopulatiorparameters

pop.cor<-.40
popL.mean<-100
popLstdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

#Samplefrom bivariatenormaldistribution
#with givenparameters

#Setrandomnumbergeneratoseed
set.seed(12)

=c(pop1.mean,pop: tdev,pop: 1pop.cor pop.cor,1), ncol=2,nrow=2,byrow=T))

# Correlationbeforeadditionof outlier
cor.nolie<-cor(z[,1]2[,2])

cor.nolie test<-cor.test(z[, 13[.2])
bicor.nolie<-bicor(z[,1]2[.2))

#Add outlierto Y vectorfor smallestX value

2[z[ 1}

in(z[,1]),2]<-z[z[,1];

in(z[.1)).22.5

#Assigndatavectors

zx<2[1]
zy<-7[2]

### Setnumberof bootstrapsamples
nboot<-1000

#### SetEstimationMethod
est<-bicor

# Select'cor” for Pearsom
# Select'bicor” for
#

# Calculateobserveceffect

cor.empirical<-cor(z.z.y)
diff empirical<-est(z.xz.y)

R

#to simulatecorrelationcoefficientunderHO
hodatax.list<-vector("list'nboot)

for (i in L:nboot){

hodatax.list[[i[|<-sample(z.5size= length(z.x) replace=T)
}

hodatay.list<-vector("list'nboot)

for (i in 1:nboot){
hodatay.list([i}<-sample(z.ysize= length(z.y) replace=T)
}

#Ci

#underHO samplingdistribution

hobvec<-unlist(lapply(1:nbootunction(i,x, y)est(x[[ll. y[ill). x = hodatax.listy = hodatay.list))
mean.hObvec<-mean(hObvec)

stdev.hObvec<-var(hObvec)5

# CalculateCritical cutoffson HO Samplingdistribution

critiows-quantile(hObvec, 025)
critup<-quantile(hObvec,.975)

# CalculateConfidencentervalsfrom HO;
#shift null samplingdistributionby observecsffect

ho.ci<-0
hO.ci[1] <- critiow + diff.empirical
ho.cif2] <- critup + diff.empirical

####CalculateP-valuefor HO
length(h

pvalue.empirical<-count/nboot

# Samplefrom H1: Samplewith rows
#intact; bootstrapsamplingof row indices

data.index:- matrix(sample(length(z.xiize= length(z.x)* nboot replace= T), nrow= nboot)

#1 indices# from bothX
#andY vector

datax<- matrix(z.x[data. nboot, X))

datay<- matrix(z.y[data nboot, )

hidatax.list<-vector("list'boot)
for (i in L:nboot){h1datax list[[i}<-dataxfi]}
hidatay.list<-vector("list'nboot)

for (i in L:nboot){h1datay list[i]}<-datay[i ]}

# Calculatethe correlationunderH1 sampling
#distribution

hibvec<-unlist(iapply(1:nbootunction(i,, y) est(x((ill, yI[i), x = hidatax.listy = hidatay.list))
mean.hibvec<-mean(h1bvec)
stdev.h1bvec<-var(hlbvec)"5

# Calculateconfidencentervalsfrom H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec, 975)
hil.ci<-0

hi.ci[1] <- effectiow

hi.ci[2] <- effectup

# CalculateBootstrapEmpirical Power
thih

tlow<-length(hibvecth ]
power. il p
#it##ReportResults

#PearsorC i

# beforeoutlieris added
cor.nolie

cor.nolie.test
bicor.nolie

#Resultsafteraddingoutlier

#
#of RobustC !

mean.hObvec
stdev.hObvec

#Normaltheorystandarcerror

1/(length(z.x)".5)

#
#of RobustCt 41

mean.hibvec
stdev.hlbvec
mean.h1bvec-pop.cor
###Pearson andBias

cor.empirical
cor.empirical-pop.cor

###Robus(CorrelationandBias
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# Functionfor extracting\l-Estimatorfrom theMASS Library
# CalculatincEmoirical P-values.

RunProgram |

Results

The output from the S script above are listed below.

Hiffy Report Results

>
>
= # Pesrson Correlaticon and bi-weight wideorrelation
> # 'before outlier is added

>

» Ccor.nolie

[1] O.4094627

F Cor.nolise.test

Pearson's product-moment: correlation

data: z[, 1] and =[, 2]
t = z.766%7, df = 38, p-valus = 0.008695
alternative hypothesis: true correlation is not-egual to 0O
Sample -estimates:
cor
04094627

> hicor.nolie
[1] O.4222197

# Results after adding outlier

>
>
> # Mean and Standard Deviation [(standard error)

> # of Bootstrap Samples for Fobust Correlation under HO
>

> wean. hibveo

[1] —-O.003922042

> stdewv.hlbwvec

[1] O.1657244

>

> # normal theory standard error

= 14 (lengthiz.x)*.5)

[1] O.1531138

>

> # Mean and Standard Deviation [(standard error)

> # of Bootstrap Samples for Fobust Correlation under H1
>

> wean. hlbveo

[1] O.32065E5

> stdewv.hlbwvec

[1] O.1531=287

> mean. hlbvec—-pop.cor
[1] —-0.07933351
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> H## Pearson r and Bias

>

> Cor.empirdical

[1] -0.07661569

> cor.empirical-pop.cor

[1] —-0.47661587

=

> H## Robust Correlation and Eias
>

> diff.ewmpirdical

[1] O.3373465

» diff.ewmpirdical-mean. hlbhvec
[1] D.016679945

> diff.ewmpirdical-pop.cor

[1] -D.06265355

> # Bootstrap empirical power for two-tail test

= # of the robust correlation

>

> power.twotail

[1] G.4549

>

> # Bootstrap empirical p-wvalus for the

> # robust correlation

>

> opwalue.enmpirical

[1] G.041
# Two alternative ways of caloculating confidence
# interwvals for Fobust Correlation (HO iz preferred)

# Confidence intervals based on the
# hootstrap sampling distribution for the null
# and alternate sampling distribution

Ik S S e

~ list(h0.ci = hO.ci
Sho.ci
[1] O.02247945 0.66213757

> list{hl.ci=hil.ci)

fhi.ci
[1] 0.00295647F4 0.614595542
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	AwMS9kZWNlbWJlcjAxL3Jzcy5odG0A: 
	form11: 
	INPUT: # n=sample size; p=number of columns
# u=mean of columns; s=standard deviation
# of columns; S=correlation matrix

mvrnorm <- function(n, p, u, s, S) {
Z <- matrix(rnorm(n*p), p, n)
t(u + s*t(chol(S))%*% Z)
}

# Sample from Bivariate Normal

z<-mvrnorm(n=100, p=2, u=c(100,100), s=c(15,15), S=matrix(c(1, .4, .4, 1), ncol=2, nrow=2,byrow=T))

# Fit least squares regression

z.fit<-lm(z[,1]~z[,2])
z.fit

# Plot scatterplot
plot(z[,1], z[,2])

# Plot best fit line
abline(z.fit)

# Calculate Pearson's Correlation
cor(z[,1], z[,2])

	input3: 


	AwMS9kZWNlbWJlcjAxL3Jzcy5odG0A: 
	form27: 
	INPUT: mvrnorm <- function(n, p, u, s, S) {
Z <- matrix(rnorm(n * p), p, n)
t(u + s*t(chol(S))%*% Z)
}

z<-mvrnorm(n=100, p=2, u=c(100,100), s=c(15,15), S=matrix(c(1,.4, .4, 1), ncol=2, nrow=2, byrow=T))

z.fit<-lm(z[,1]~z[,2])

plot(z[,1], z[,2])
abline(z.fit)

z.cor<-cor.test(z[,1], z[,2])
stderr<-1/(length(z[,1]))^.5
stderr
z.cor

	input2: 


	AwMS9kZWNlbWJlcjAxL3Jzcy5odG0A: 
	form51: 
	INPUT: #### Calculate biweight midcovariance
####   from Wilcox (1997).

bicov<-function(x, y){
mx <- median(x)
my <-median(y)
ux <- abs((x - mx)/(9 * qnorm(0.75) * mad(x)))
uy <- abs((y - my)/(9 * qnorm(0.75) * mad(y)))
aval <- ifelse(ux <= 1, 1, 0)
bval <- ifelse(uy <= 1, 1, 0)
top <- sum(aval * (x - mx) * (1 - ux^2)^2 * bval * (y - my) * (1 - uy^2)^2)
top <- length(x) * top
botx <- sum(aval * (1 - ux^2) * (1 - 5 * ux^2))
boty <- sum(bval * (1 - uy^2) * (1 - 5 * uy^2))
bi <- top/(botx * boty)
bi
}

#### Calculate biweight midcorrelation.

bicor<-function(x,y){
x <-as.numeric(x)
y<-as.numeric(y)
bicov(x,y)/(sqrt(bicov(x,x)*bicov(y,y)))
}

#### Sample from multivariate normal

mvrnorm <- function(n, p, u, s, S) {
Z <- matrix(rnorm(n * p), p, n)
t(u + s*t(chol(S))%*% Z)
}

z <- mvrnorm(n=100, p=2, u=c(100,100), s=c(15,15), S=matrix(c(1, .4, .4, 1), ncol=2, nrow=2, byrow=T))

# Pearson Correlation and Robust Correlation
# before outlier added

cor(z[,1], z[,2])
bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5
z.fit<-lm(z[,1]~z[,2])
plot(z[,1], z[,2])
abline(z.fit)

# Pearson Correlation and Robust Correlation
# after outlier added

cor(z[,1], z[,2])
bicor(z[,1], z[,2])

	INPUT_(1): #### Calculate biweight midcovariance
####   from Wilcox (1997).

bicov<-function(x, y){
mx <- median(x)
my <-median(y)
ux <- abs((x - mx)/(9 * qnorm(0.75) * mad(x)))
uy <- abs((y - my)/(9 * qnorm(0.75) * mad(y)))
aval <- ifelse(ux <= 1, 1, 0)
bval <- ifelse(uy <= 1, 1, 0)
top <- sum(aval * (x - mx) * (1 - ux^2)^2 * bval * (y - my) * (1 - uy^2)^2)
top <- length(x) * top
botx <- sum(aval * (1 - ux^2) * (1 - 5 * ux^2))
boty <- sum(bval * (1 - uy^2) * (1 - 5 * uy^2))
bi <- top/(botx * boty)
bi
}

#### Calculate biweight midcorrelation.

bicor<-function(x,y){
x <-as.numeric(x)
y<-as.numeric(y)
bicov(x,y)/(sqrt(bicov(x,x)*bicov(y,y)))
}

#### Sample from multivariate normal

mvrnorm <- function(n, p, u, s, S) {
Z <- matrix(rnorm(n * p), p, n)
t(u + s*t(chol(S))%*% Z)
}

z <- mvrnorm(n=100, p=2, u=c(100,100), s=c(15,15), S=matrix(c(1, .4, .4, 1), ncol=2, nrow=2, byrow=T))

# Pearson Correlation and Robust Correlation
# before outlier added

cor(z[,1], z[,2])
bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5
z.fit<-lm(z[,1]~z[,2])
plot(z[,1], z[,2])
abline(z.fit)

# Pearson Correlation and Robust Correlation
# after outlier added

cor(z[,1], z[,2])
bicor(z[,1], z[,2])

	INPUT_(1)_(2): #### Calculate biweight midcovariance
####   from Wilcox (1997).

bicov<-function(x, y){
mx <- median(x)
my <-median(y)
ux <- abs((x - mx)/(9 * qnorm(0.75) * mad(x)))
uy <- abs((y - my)/(9 * qnorm(0.75) * mad(y)))
aval <- ifelse(ux <= 1, 1, 0)
bval <- ifelse(uy <= 1, 1, 0)
top <- sum(aval * (x - mx) * (1 - ux^2)^2 * bval * (y - my) * (1 - uy^2)^2)
top <- length(x) * top
botx <- sum(aval * (1 - ux^2) * (1 - 5 * ux^2))
boty <- sum(bval * (1 - uy^2) * (1 - 5 * uy^2))
bi <- top/(botx * boty)
bi
}

#### Calculate biweight midcorrelation.

bicor<-function(x,y){
x <-as.numeric(x)
y<-as.numeric(y)
bicov(x,y)/(sqrt(bicov(x,x)*bicov(y,y)))
}

#### Sample from multivariate normal

mvrnorm <- function(n, p, u, s, S) {
Z <- matrix(rnorm(n * p), p, n)
t(u + s*t(chol(S))%*% Z)
}

z <- mvrnorm(n=100, p=2, u=c(100,100), s=c(15,15), S=matrix(c(1, .4, .4, 1), ncol=2, nrow=2, byrow=T))

# Pearson Correlation and Robust Correlation
# before outlier added

cor(z[,1], z[,2])
bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5
z.fit<-lm(z[,1]~z[,2])
plot(z[,1], z[,2])
abline(z.fit)

# Pearson Correlation and Robust Correlation
# after outlier added

cor(z[,1], z[,2])
bicor(z[,1], z[,2])

	input2: 


	AwMS9kZWNlbWJlcjAxL3Jzcy5odG0A: 
	form57: 
	INPUT: # Function for extracting M-Estimator from the MASS Library
# Calculating Empirical P-values,
# Empirical Power, and Confidence
# Intervals for a Robust Correlation
# Coefficient Population parameters

pop.cor<-.40
pop1.mean<-100
pop1.stdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

# Sample from bivariate normal distribution
# with given parameters

# Set random number generator seed
set.seed(12)

z<-mvrnorm(n=sample.size, p=2, u=c(pop1.mean,pop2.mean), s=c(pop1.stdev,pop2.stdev), S=matrix(c(1, pop.cor, pop.cor, 1), ncol=2, nrow=2, byrow=T))

# Correlation before addition of outlier

cor.nolie<-cor(z[,1], z[,2])
cor.nolie.test<-cor.test(z[,1], z[,2])
bicor.nolie<-bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5

####################################################
# Assign data vectors

z.x<-z[,1]
z.y<-z[,2]

### Set number of bootstrap samples
nboot<-1000

### Set Estimation Method
est<-bicor

# Select "cor" for Pearson r
# Select "bicor" for
# Robust correlation based on bi-weight covariance

# Calculate observed effect

cor.empirical<-cor(z.x, z.y)
diff.empirical<-est(z.x, z.y)

################################
# Sampling from H0: sample columns independently
# to simulate correlation coefficient under H0

h0datax.list<-vector("list", nboot)

for (i in 1:nboot){
h0datax.list[[i]]<-sample(z.x, size = length(z.x), replace=T)
}

h0datay.list<-vector("list", nboot)

for (i in 1:nboot){
h0datay.list[[i]]<-sample(z.y, size = length(z.y), replace=T)
}

# Calculate correlation for each bootstrap sample
# under H0 sampling distribution

h0bvec<-unlist(lapply(1:nboot, function(i, x, y)est(x[[i]], y[[i]]), x = h0datax.list, y = h0datay.list))
mean.h0bvec<-mean(h0bvec)
stdev.h0bvec<-var(h0bvec)^.5

# Calculate Critical cutoffs on H0 Sampling distribution

critlow<-quantile(h0bvec,.025)
critup<-quantile(h0bvec,.975)

# Calculate Confidence Intervals from H0;
# shift null sampling distribution by observed effect

h0.ci <- 0
h0.ci[1] <- critlow + diff.empirical
h0.ci[2] <- critup + diff.empirical

#### Calculate P-value for H0
count<-length(h0bvec[abs(h0bvec)>=abs(diff.empirical)])
pvalue.empirical<-count/nboot

##################################
# Sample from H1: Sample with rows
# intact; bootstrap sampling of row indices

data.index <- matrix(sample(length(z.x), size = length(z.x) * nboot, replace = T), nrow = nboot)

# Use bootstrap sampled row indices # to extract the same row from both X
# and Y vector

datax <- matrix(z.x[data.index], nrow = nboot, ncol=length(z.x))
datay <- matrix(z.y[data.index], nrow = nboot, ncol=length(z.y))
h1datax.list<-vector("list", nboot)

for (i in 1:nboot){h1datax.list[[i]]<-datax[i,]}

h1datay.list<-vector("list", nboot)

for (i in 1:nboot){h1datay.list[[i]]<-datay[i,]}

# Calculate the correlation under H1 sampling
# distribution

h1bvec<-unlist(lapply(1:nboot, function(i, x, y) est(x[[i]], y[[i]]), x = h1datax.list, y = h1datay.list))
mean.h1bvec<-mean(h1bvec)
stdev.h1bvec<-var(h1bvec)^.5

# Calculate confidence Intervals from H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec,.975)
h1.ci <- 0
h1.ci[1] <- effectlow
h1.ci[2] <- effectup

# Calculate Bootstrap Empirical Power
countup<-length(h1bvec[h1bvec>=critup])
countlow<-length(h1bvec[h1bvec<=critlow])
power.twotail<-(countup+countlow)/nboot

##### Report Results
# Pearson Correlation and bi-weight midcorrelation
# before outlier is added

cor.nolie
cor.nolie.test
bicor.nolie

# Results after adding outlier
# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H0

mean.h0bvec
stdev.h0bvec

# Normal theory standard error

1/(length(z.x)^.5)

# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H1

mean.h1bvec
stdev.h1bvec
mean.h1bvec-pop.cor

### Pearson r and Bias

cor.empirical
cor.empirical-pop.cor

### Robust Correlation and Bias

diff.empirical
diff.empirical-mean.h1bvec
diff.empirical-pop.cor

# Bootstrap empirical power for two-tail test
# of the robust correlation power.twotail
# Bootstrap empirical p-value for the
# robust correlation pvalue.empirical
# Two alternative ways of calculating confidence
# intervals for Robust Correlation (H0 is preferred)
# Confidence intervals based on the
# bootstrap sampling distribution for the null
# and alternate sampling distribution

list(h0.ci = h0.ci)
list(h1.ci=h1.ci)

# Examine Sampling Distributions, H0 and H1,
# for Deviations from Normality to assess
# quality of bootstrap confidence intervals

par(mfrow=c(2,1))
qqnorm(h0bvec)
qqline(h0bvec)
qqnorm(h1bvec)
qqline(h1bvec)

	INPUT_(1): # Function for extracting M-Estimator from the MASS Library
# Calculating Empirical P-values,
# Empirical Power, and Confidence
# Intervals for a Robust Correlation
# Coefficient Population parameters

pop.cor<-.40
pop1.mean<-100
pop1.stdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

# Sample from bivariate normal distribution
# with given parameters

# Set random number generator seed
set.seed(12)

z<-mvrnorm(n=sample.size, p=2, u=c(pop1.mean,pop2.mean), s=c(pop1.stdev,pop2.stdev), S=matrix(c(1, pop.cor, pop.cor, 1), ncol=2, nrow=2, byrow=T))

# Correlation before addition of outlier

cor.nolie<-cor(z[,1], z[,2])
cor.nolie.test<-cor.test(z[,1], z[,2])
bicor.nolie<-bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5

####################################################
# Assign data vectors

z.x<-z[,1]
z.y<-z[,2]

### Set number of bootstrap samples
nboot<-1000

### Set Estimation Method
est<-bicor

# Select "cor" for Pearson r
# Select "bicor" for
# Robust correlation based on bi-weight covariance

# Calculate observed effect

cor.empirical<-cor(z.x, z.y)
diff.empirical<-est(z.x, z.y)

################################
# Sampling from H0: sample columns independently
# to simulate correlation coefficient under H0

h0datax.list<-vector("list", nboot)

for (i in 1:nboot){
h0datax.list[[i]]<-sample(z.x, size = length(z.x), replace=T)
}

h0datay.list<-vector("list", nboot)

for (i in 1:nboot){
h0datay.list[[i]]<-sample(z.y, size = length(z.y), replace=T)
}

# Calculate correlation for each bootstrap sample
# under H0 sampling distribution

h0bvec<-unlist(lapply(1:nboot, function(i, x, y)est(x[[i]], y[[i]]), x = h0datax.list, y = h0datay.list))
mean.h0bvec<-mean(h0bvec)
stdev.h0bvec<-var(h0bvec)^.5

# Calculate Critical cutoffs on H0 Sampling distribution

critlow<-quantile(h0bvec,.025)
critup<-quantile(h0bvec,.975)

# Calculate Confidence Intervals from H0;
# shift null sampling distribution by observed effect

h0.ci <- 0
h0.ci[1] <- critlow + diff.empirical
h0.ci[2] <- critup + diff.empirical

#### Calculate P-value for H0
count<-length(h0bvec[abs(h0bvec)>=abs(diff.empirical)])
pvalue.empirical<-count/nboot

##################################
# Sample from H1: Sample with rows
# intact; bootstrap sampling of row indices

data.index <- matrix(sample(length(z.x), size = length(z.x) * nboot, replace = T), nrow = nboot)

# Use bootstrap sampled row indices # to extract the same row from both X
# and Y vector

datax <- matrix(z.x[data.index], nrow = nboot, ncol=length(z.x))
datay <- matrix(z.y[data.index], nrow = nboot, ncol=length(z.y))
h1datax.list<-vector("list", nboot)

for (i in 1:nboot){h1datax.list[[i]]<-datax[i,]}

h1datay.list<-vector("list", nboot)

for (i in 1:nboot){h1datay.list[[i]]<-datay[i,]}

# Calculate the correlation under H1 sampling
# distribution

h1bvec<-unlist(lapply(1:nboot, function(i, x, y) est(x[[i]], y[[i]]), x = h1datax.list, y = h1datay.list))
mean.h1bvec<-mean(h1bvec)
stdev.h1bvec<-var(h1bvec)^.5

# Calculate confidence Intervals from H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec,.975)
h1.ci <- 0
h1.ci[1] <- effectlow
h1.ci[2] <- effectup

# Calculate Bootstrap Empirical Power
countup<-length(h1bvec[h1bvec>=critup])
countlow<-length(h1bvec[h1bvec<=critlow])
power.twotail<-(countup+countlow)/nboot

##### Report Results
# Pearson Correlation and bi-weight midcorrelation
# before outlier is added

cor.nolie
cor.nolie.test
bicor.nolie

# Results after adding outlier
# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H0

mean.h0bvec
stdev.h0bvec

# Normal theory standard error

1/(length(z.x)^.5)

# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H1

mean.h1bvec
stdev.h1bvec
mean.h1bvec-pop.cor

### Pearson r and Bias

cor.empirical
cor.empirical-pop.cor

### Robust Correlation and Bias

diff.empirical
diff.empirical-mean.h1bvec
diff.empirical-pop.cor

# Bootstrap empirical power for two-tail test
# of the robust correlation power.twotail
# Bootstrap empirical p-value for the
# robust correlation pvalue.empirical
# Two alternative ways of calculating confidence
# intervals for Robust Correlation (H0 is preferred)
# Confidence intervals based on the
# bootstrap sampling distribution for the null
# and alternate sampling distribution

list(h0.ci = h0.ci)
list(h1.ci=h1.ci)

# Examine Sampling Distributions, H0 and H1,
# for Deviations from Normality to assess
# quality of bootstrap confidence intervals

par(mfrow=c(2,1))
qqnorm(h0bvec)
qqline(h0bvec)
qqnorm(h1bvec)
qqline(h1bvec)

	INPUT_(1)_(2): # Function for extracting M-Estimator from the MASS Library
# Calculating Empirical P-values,
# Empirical Power, and Confidence
# Intervals for a Robust Correlation
# Coefficient Population parameters

pop.cor<-.40
pop1.mean<-100
pop1.stdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

# Sample from bivariate normal distribution
# with given parameters

# Set random number generator seed
set.seed(12)

z<-mvrnorm(n=sample.size, p=2, u=c(pop1.mean,pop2.mean), s=c(pop1.stdev,pop2.stdev), S=matrix(c(1, pop.cor, pop.cor, 1), ncol=2, nrow=2, byrow=T))

# Correlation before addition of outlier

cor.nolie<-cor(z[,1], z[,2])
cor.nolie.test<-cor.test(z[,1], z[,2])
bicor.nolie<-bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5

####################################################
# Assign data vectors

z.x<-z[,1]
z.y<-z[,2]

### Set number of bootstrap samples
nboot<-1000

### Set Estimation Method
est<-bicor

# Select "cor" for Pearson r
# Select "bicor" for
# Robust correlation based on bi-weight covariance

# Calculate observed effect

cor.empirical<-cor(z.x, z.y)
diff.empirical<-est(z.x, z.y)

################################
# Sampling from H0: sample columns independently
# to simulate correlation coefficient under H0

h0datax.list<-vector("list", nboot)

for (i in 1:nboot){
h0datax.list[[i]]<-sample(z.x, size = length(z.x), replace=T)
}

h0datay.list<-vector("list", nboot)

for (i in 1:nboot){
h0datay.list[[i]]<-sample(z.y, size = length(z.y), replace=T)
}

# Calculate correlation for each bootstrap sample
# under H0 sampling distribution

h0bvec<-unlist(lapply(1:nboot, function(i, x, y)est(x[[i]], y[[i]]), x = h0datax.list, y = h0datay.list))
mean.h0bvec<-mean(h0bvec)
stdev.h0bvec<-var(h0bvec)^.5

# Calculate Critical cutoffs on H0 Sampling distribution

critlow<-quantile(h0bvec,.025)
critup<-quantile(h0bvec,.975)

# Calculate Confidence Intervals from H0;
# shift null sampling distribution by observed effect

h0.ci <- 0
h0.ci[1] <- critlow + diff.empirical
h0.ci[2] <- critup + diff.empirical

#### Calculate P-value for H0
count<-length(h0bvec[abs(h0bvec)>=abs(diff.empirical)])
pvalue.empirical<-count/nboot

##################################
# Sample from H1: Sample with rows
# intact; bootstrap sampling of row indices

data.index <- matrix(sample(length(z.x), size = length(z.x) * nboot, replace = T), nrow = nboot)

# Use bootstrap sampled row indices # to extract the same row from both X
# and Y vector

datax <- matrix(z.x[data.index], nrow = nboot, ncol=length(z.x))
datay <- matrix(z.y[data.index], nrow = nboot, ncol=length(z.y))
h1datax.list<-vector("list", nboot)

for (i in 1:nboot){h1datax.list[[i]]<-datax[i,]}

h1datay.list<-vector("list", nboot)

for (i in 1:nboot){h1datay.list[[i]]<-datay[i,]}

# Calculate the correlation under H1 sampling
# distribution

h1bvec<-unlist(lapply(1:nboot, function(i, x, y) est(x[[i]], y[[i]]), x = h1datax.list, y = h1datay.list))
mean.h1bvec<-mean(h1bvec)
stdev.h1bvec<-var(h1bvec)^.5

# Calculate confidence Intervals from H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec,.975)
h1.ci <- 0
h1.ci[1] <- effectlow
h1.ci[2] <- effectup

# Calculate Bootstrap Empirical Power
countup<-length(h1bvec[h1bvec>=critup])
countlow<-length(h1bvec[h1bvec<=critlow])
power.twotail<-(countup+countlow)/nboot

##### Report Results
# Pearson Correlation and bi-weight midcorrelation
# before outlier is added

cor.nolie
cor.nolie.test
bicor.nolie

# Results after adding outlier
# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H0

mean.h0bvec
stdev.h0bvec

# Normal theory standard error

1/(length(z.x)^.5)

# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H1

mean.h1bvec
stdev.h1bvec
mean.h1bvec-pop.cor

### Pearson r and Bias

cor.empirical
cor.empirical-pop.cor

### Robust Correlation and Bias

diff.empirical
diff.empirical-mean.h1bvec
diff.empirical-pop.cor

# Bootstrap empirical power for two-tail test
# of the robust correlation power.twotail
# Bootstrap empirical p-value for the
# robust correlation pvalue.empirical
# Two alternative ways of calculating confidence
# intervals for Robust Correlation (H0 is preferred)
# Confidence intervals based on the
# bootstrap sampling distribution for the null
# and alternate sampling distribution

list(h0.ci = h0.ci)
list(h1.ci=h1.ci)

# Examine Sampling Distributions, H0 and H1,
# for Deviations from Normality to assess
# quality of bootstrap confidence intervals

par(mfrow=c(2,1))
qqnorm(h0bvec)
qqline(h0bvec)
qqnorm(h1bvec)
qqline(h1bvec)

	INPUT_(1)_(2)_(3): # Function for extracting M-Estimator from the MASS Library
# Calculating Empirical P-values,
# Empirical Power, and Confidence
# Intervals for a Robust Correlation
# Coefficient Population parameters

pop.cor<-.40
pop1.mean<-100
pop1.stdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

# Sample from bivariate normal distribution
# with given parameters

# Set random number generator seed
set.seed(12)

z<-mvrnorm(n=sample.size, p=2, u=c(pop1.mean,pop2.mean), s=c(pop1.stdev,pop2.stdev), S=matrix(c(1, pop.cor, pop.cor, 1), ncol=2, nrow=2, byrow=T))

# Correlation before addition of outlier

cor.nolie<-cor(z[,1], z[,2])
cor.nolie.test<-cor.test(z[,1], z[,2])
bicor.nolie<-bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5

####################################################
# Assign data vectors

z.x<-z[,1]
z.y<-z[,2]

### Set number of bootstrap samples
nboot<-1000

### Set Estimation Method
est<-bicor

# Select "cor" for Pearson r
# Select "bicor" for
# Robust correlation based on bi-weight covariance

# Calculate observed effect

cor.empirical<-cor(z.x, z.y)
diff.empirical<-est(z.x, z.y)

################################
# Sampling from H0: sample columns independently
# to simulate correlation coefficient under H0

h0datax.list<-vector("list", nboot)

for (i in 1:nboot){
h0datax.list[[i]]<-sample(z.x, size = length(z.x), replace=T)
}

h0datay.list<-vector("list", nboot)

for (i in 1:nboot){
h0datay.list[[i]]<-sample(z.y, size = length(z.y), replace=T)
}

# Calculate correlation for each bootstrap sample
# under H0 sampling distribution

h0bvec<-unlist(lapply(1:nboot, function(i, x, y)est(x[[i]], y[[i]]), x = h0datax.list, y = h0datay.list))
mean.h0bvec<-mean(h0bvec)
stdev.h0bvec<-var(h0bvec)^.5

# Calculate Critical cutoffs on H0 Sampling distribution

critlow<-quantile(h0bvec,.025)
critup<-quantile(h0bvec,.975)

# Calculate Confidence Intervals from H0;
# shift null sampling distribution by observed effect

h0.ci <- 0
h0.ci[1] <- critlow + diff.empirical
h0.ci[2] <- critup + diff.empirical

#### Calculate P-value for H0
count<-length(h0bvec[abs(h0bvec)>=abs(diff.empirical)])
pvalue.empirical<-count/nboot

##################################
# Sample from H1: Sample with rows
# intact; bootstrap sampling of row indices

data.index <- matrix(sample(length(z.x), size = length(z.x) * nboot, replace = T), nrow = nboot)

# Use bootstrap sampled row indices # to extract the same row from both X
# and Y vector

datax <- matrix(z.x[data.index], nrow = nboot, ncol=length(z.x))
datay <- matrix(z.y[data.index], nrow = nboot, ncol=length(z.y))
h1datax.list<-vector("list", nboot)

for (i in 1:nboot){h1datax.list[[i]]<-datax[i,]}

h1datay.list<-vector("list", nboot)

for (i in 1:nboot){h1datay.list[[i]]<-datay[i,]}

# Calculate the correlation under H1 sampling
# distribution

h1bvec<-unlist(lapply(1:nboot, function(i, x, y) est(x[[i]], y[[i]]), x = h1datax.list, y = h1datay.list))
mean.h1bvec<-mean(h1bvec)
stdev.h1bvec<-var(h1bvec)^.5

# Calculate confidence Intervals from H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec,.975)
h1.ci <- 0
h1.ci[1] <- effectlow
h1.ci[2] <- effectup

# Calculate Bootstrap Empirical Power
countup<-length(h1bvec[h1bvec>=critup])
countlow<-length(h1bvec[h1bvec<=critlow])
power.twotail<-(countup+countlow)/nboot

##### Report Results
# Pearson Correlation and bi-weight midcorrelation
# before outlier is added

cor.nolie
cor.nolie.test
bicor.nolie

# Results after adding outlier
# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H0

mean.h0bvec
stdev.h0bvec

# Normal theory standard error

1/(length(z.x)^.5)

# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H1

mean.h1bvec
stdev.h1bvec
mean.h1bvec-pop.cor

### Pearson r and Bias

cor.empirical
cor.empirical-pop.cor

### Robust Correlation and Bias

diff.empirical
diff.empirical-mean.h1bvec
diff.empirical-pop.cor

# Bootstrap empirical power for two-tail test
# of the robust correlation power.twotail
# Bootstrap empirical p-value for the
# robust correlation pvalue.empirical
# Two alternative ways of calculating confidence
# intervals for Robust Correlation (H0 is preferred)
# Confidence intervals based on the
# bootstrap sampling distribution for the null
# and alternate sampling distribution

list(h0.ci = h0.ci)
list(h1.ci=h1.ci)

# Examine Sampling Distributions, H0 and H1,
# for Deviations from Normality to assess
# quality of bootstrap confidence intervals

par(mfrow=c(2,1))
qqnorm(h0bvec)
qqline(h0bvec)
qqnorm(h1bvec)
qqline(h1bvec)

	INPUT_(1)_(2)_(3)_(4): # Function for extracting M-Estimator from the MASS Library
# Calculating Empirical P-values,
# Empirical Power, and Confidence
# Intervals for a Robust Correlation
# Coefficient Population parameters

pop.cor<-.40
pop1.mean<-100
pop1.stdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

# Sample from bivariate normal distribution
# with given parameters

# Set random number generator seed
set.seed(12)

z<-mvrnorm(n=sample.size, p=2, u=c(pop1.mean,pop2.mean), s=c(pop1.stdev,pop2.stdev), S=matrix(c(1, pop.cor, pop.cor, 1), ncol=2, nrow=2, byrow=T))

# Correlation before addition of outlier

cor.nolie<-cor(z[,1], z[,2])
cor.nolie.test<-cor.test(z[,1], z[,2])
bicor.nolie<-bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5

####################################################
# Assign data vectors

z.x<-z[,1]
z.y<-z[,2]

### Set number of bootstrap samples
nboot<-1000

### Set Estimation Method
est<-bicor

# Select "cor" for Pearson r
# Select "bicor" for
# Robust correlation based on bi-weight covariance

# Calculate observed effect

cor.empirical<-cor(z.x, z.y)
diff.empirical<-est(z.x, z.y)

################################
# Sampling from H0: sample columns independently
# to simulate correlation coefficient under H0

h0datax.list<-vector("list", nboot)

for (i in 1:nboot){
h0datax.list[[i]]<-sample(z.x, size = length(z.x), replace=T)
}

h0datay.list<-vector("list", nboot)

for (i in 1:nboot){
h0datay.list[[i]]<-sample(z.y, size = length(z.y), replace=T)
}

# Calculate correlation for each bootstrap sample
# under H0 sampling distribution

h0bvec<-unlist(lapply(1:nboot, function(i, x, y)est(x[[i]], y[[i]]), x = h0datax.list, y = h0datay.list))
mean.h0bvec<-mean(h0bvec)
stdev.h0bvec<-var(h0bvec)^.5

# Calculate Critical cutoffs on H0 Sampling distribution

critlow<-quantile(h0bvec,.025)
critup<-quantile(h0bvec,.975)

# Calculate Confidence Intervals from H0;
# shift null sampling distribution by observed effect

h0.ci <- 0
h0.ci[1] <- critlow + diff.empirical
h0.ci[2] <- critup + diff.empirical

#### Calculate P-value for H0
count<-length(h0bvec[abs(h0bvec)>=abs(diff.empirical)])
pvalue.empirical<-count/nboot

##################################
# Sample from H1: Sample with rows
# intact; bootstrap sampling of row indices

data.index <- matrix(sample(length(z.x), size = length(z.x) * nboot, replace = T), nrow = nboot)

# Use bootstrap sampled row indices # to extract the same row from both X
# and Y vector

datax <- matrix(z.x[data.index], nrow = nboot, ncol=length(z.x))
datay <- matrix(z.y[data.index], nrow = nboot, ncol=length(z.y))
h1datax.list<-vector("list", nboot)

for (i in 1:nboot){h1datax.list[[i]]<-datax[i,]}

h1datay.list<-vector("list", nboot)

for (i in 1:nboot){h1datay.list[[i]]<-datay[i,]}

# Calculate the correlation under H1 sampling
# distribution

h1bvec<-unlist(lapply(1:nboot, function(i, x, y) est(x[[i]], y[[i]]), x = h1datax.list, y = h1datay.list))
mean.h1bvec<-mean(h1bvec)
stdev.h1bvec<-var(h1bvec)^.5

# Calculate confidence Intervals from H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec,.975)
h1.ci <- 0
h1.ci[1] <- effectlow
h1.ci[2] <- effectup

# Calculate Bootstrap Empirical Power
countup<-length(h1bvec[h1bvec>=critup])
countlow<-length(h1bvec[h1bvec<=critlow])
power.twotail<-(countup+countlow)/nboot

##### Report Results
# Pearson Correlation and bi-weight midcorrelation
# before outlier is added

cor.nolie
cor.nolie.test
bicor.nolie

# Results after adding outlier
# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H0

mean.h0bvec
stdev.h0bvec

# Normal theory standard error

1/(length(z.x)^.5)

# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H1

mean.h1bvec
stdev.h1bvec
mean.h1bvec-pop.cor

### Pearson r and Bias

cor.empirical
cor.empirical-pop.cor

### Robust Correlation and Bias

diff.empirical
diff.empirical-mean.h1bvec
diff.empirical-pop.cor

# Bootstrap empirical power for two-tail test
# of the robust correlation power.twotail
# Bootstrap empirical p-value for the
# robust correlation pvalue.empirical
# Two alternative ways of calculating confidence
# intervals for Robust Correlation (H0 is preferred)
# Confidence intervals based on the
# bootstrap sampling distribution for the null
# and alternate sampling distribution

list(h0.ci = h0.ci)
list(h1.ci=h1.ci)

# Examine Sampling Distributions, H0 and H1,
# for Deviations from Normality to assess
# quality of bootstrap confidence intervals

par(mfrow=c(2,1))
qqnorm(h0bvec)
qqline(h0bvec)
qqnorm(h1bvec)
qqline(h1bvec)

	INPUT_(1)_(2)_(3)_(4)_(5): # Function for extracting M-Estimator from the MASS Library
# Calculating Empirical P-values,
# Empirical Power, and Confidence
# Intervals for a Robust Correlation
# Coefficient Population parameters

pop.cor<-.40
pop1.mean<-100
pop1.stdev<-15
pop2.mean<-100
pop2.stdev<-15
sample.size<-40

# Sample from bivariate normal distribution
# with given parameters

# Set random number generator seed
set.seed(12)

z<-mvrnorm(n=sample.size, p=2, u=c(pop1.mean,pop2.mean), s=c(pop1.stdev,pop2.stdev), S=matrix(c(1, pop.cor, pop.cor, 1), ncol=2, nrow=2, byrow=T))

# Correlation before addition of outlier

cor.nolie<-cor(z[,1], z[,2])
cor.nolie.test<-cor.test(z[,1], z[,2])
bicor.nolie<-bicor(z[,1], z[,2])

# Add outlier to Y vector for smallest X value

z[z[,1]==min(z[,1]),2]<-z[z[,1]==min(z[,1]),2]*2.5

####################################################
# Assign data vectors

z.x<-z[,1]
z.y<-z[,2]

### Set number of bootstrap samples
nboot<-1000

### Set Estimation Method
est<-bicor

# Select "cor" for Pearson r
# Select "bicor" for
# Robust correlation based on bi-weight covariance

# Calculate observed effect

cor.empirical<-cor(z.x, z.y)
diff.empirical<-est(z.x, z.y)

################################
# Sampling from H0: sample columns independently
# to simulate correlation coefficient under H0

h0datax.list<-vector("list", nboot)

for (i in 1:nboot){
h0datax.list[[i]]<-sample(z.x, size = length(z.x), replace=T)
}

h0datay.list<-vector("list", nboot)

for (i in 1:nboot){
h0datay.list[[i]]<-sample(z.y, size = length(z.y), replace=T)
}

# Calculate correlation for each bootstrap sample
# under H0 sampling distribution

h0bvec<-unlist(lapply(1:nboot, function(i, x, y)est(x[[i]], y[[i]]), x = h0datax.list, y = h0datay.list))
mean.h0bvec<-mean(h0bvec)
stdev.h0bvec<-var(h0bvec)^.5

# Calculate Critical cutoffs on H0 Sampling distribution

critlow<-quantile(h0bvec,.025)
critup<-quantile(h0bvec,.975)

# Calculate Confidence Intervals from H0;
# shift null sampling distribution by observed effect

h0.ci <- 0
h0.ci[1] <- critlow + diff.empirical
h0.ci[2] <- critup + diff.empirical

#### Calculate P-value for H0
count<-length(h0bvec[abs(h0bvec)>=abs(diff.empirical)])
pvalue.empirical<-count/nboot

##################################
# Sample from H1: Sample with rows
# intact; bootstrap sampling of row indices

data.index <- matrix(sample(length(z.x), size = length(z.x) * nboot, replace = T), nrow = nboot)

# Use bootstrap sampled row indices # to extract the same row from both X
# and Y vector

datax <- matrix(z.x[data.index], nrow = nboot, ncol=length(z.x))
datay <- matrix(z.y[data.index], nrow = nboot, ncol=length(z.y))
h1datax.list<-vector("list", nboot)

for (i in 1:nboot){h1datax.list[[i]]<-datax[i,]}

h1datay.list<-vector("list", nboot)

for (i in 1:nboot){h1datay.list[[i]]<-datay[i,]}

# Calculate the correlation under H1 sampling
# distribution

h1bvec<-unlist(lapply(1:nboot, function(i, x, y) est(x[[i]], y[[i]]), x = h1datax.list, y = h1datay.list))
mean.h1bvec<-mean(h1bvec)
stdev.h1bvec<-var(h1bvec)^.5

# Calculate confidence Intervals from H1

effectlow<-quantile(h1bvec,.025)
effectup<-quantile(h1bvec,.975)
h1.ci <- 0
h1.ci[1] <- effectlow
h1.ci[2] <- effectup

# Calculate Bootstrap Empirical Power
countup<-length(h1bvec[h1bvec>=critup])
countlow<-length(h1bvec[h1bvec<=critlow])
power.twotail<-(countup+countlow)/nboot

##### Report Results
# Pearson Correlation and bi-weight midcorrelation
# before outlier is added

cor.nolie
cor.nolie.test
bicor.nolie

# Results after adding outlier
# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H0

mean.h0bvec
stdev.h0bvec

# Normal theory standard error

1/(length(z.x)^.5)

# Mean and Standard Deviation (standard error)
# of Bootstrap Samples for Robust Correlation under H1

mean.h1bvec
stdev.h1bvec
mean.h1bvec-pop.cor

### Pearson r and Bias

cor.empirical
cor.empirical-pop.cor

### Robust Correlation and Bias

diff.empirical
diff.empirical-mean.h1bvec
diff.empirical-pop.cor

# Bootstrap empirical power for two-tail test
# of the robust correlation power.twotail
# Bootstrap empirical p-value for the
# robust correlation pvalue.empirical
# Two alternative ways of calculating confidence
# intervals for Robust Correlation (H0 is preferred)
# Confidence intervals based on the
# bootstrap sampling distribution for the null
# and alternate sampling distribution

list(h0.ci = h0.ci)
list(h1.ci=h1.ci)

# Examine Sampling Distributions, H0 and H1,
# for Deviations from Normality to assess
# quality of bootstrap confidence intervals

par(mfrow=c(2,1))
qqnorm(h0bvec)
qqline(h0bvec)
qqnorm(h1bvec)
qqline(h1bvec)
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