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UCI ML repository @ Heart Disease dataset 2335 &L. SYMERLY, /35 4A—
BZEBDEREDEVERRTTIN BH. VFABERRORVOEHE)
1%, 278 B I B L THYFE T (http://archive.ics.uci.edu/ml/machine-
learning-databases ), & &9 %
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https://archive.ics.uci.edu/ml/datasets/pima+indians+diabetes
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library (e1071)
library (bootstrap)

setwd ("E:/D/data/")

df <- na.omit( read. csv( “HWO3HeartDiseaseCleveland. csv”, header=T) )
# df <- na.omit( read.csv( "HWO3PimaIndiansDiabetes. csv”, header=T) )
target <- df[“Class”]

x <~ df [-which (colnames (df)=="Class")]

x.scaled <- scale( x )

kernel <~ “r” # “r” for radial basis function and “1” for linear kernel
cost <~ 1

type <~ “nu-r” # “C” for classification and “nu-r” for regression
ifscale <- F # to scale or not to scale

m <~ svm( Class™., cbind(x, Class=target[, 11), scale=ifscale, kernel=kernel, type=type, cost=cost)
targetPred <- predict(m)

if (type=="C") cm <- table( targetPred, target[, 1]) else
om <- table( (sign(targetPred-0.5)+1)/2, target[, 11)

print( cm )
print ( sum(diag(cm))/sum(cm) )




#### 10-fold cv

kernel <- “r” # “r” for radial basis function and “I” for linear
cost <~ 1
type <~ "nu-r” # “C” for classification and “nu-r” for nu-regression
ifscale <- F # to scale or not to scale

ngroup <~ 10 # the number of folds for cv

theta. fit <- function (x, y)
svm( Class™., data.frame( x, Class=y),
scale=ifscale, kernel=kernel, type=type, cost=cost)
theta. predict <- function( fit, x ) predict( fit, x )

results <- crossval ( x.scaled, target[ 1], theta. fit, theta.predict, ngroup=ngroup)
targetPred <- results$ov. fit

if (type=="C") cm <- table( targetPred, target[, 11) else
om <- table( (sign(targetPred-0.5)+1)/2, target[, 11)

print( cm)
print( sum(diag(cm))/sum(cm) )
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id X Y Label
1 5 2 0
2 4 1 0
3 5 4 0
4 2 10 0
5 6 10 1
6 9 7 1
7 9 8 0
8 8 7 1
9 1 12 1
10 6 6 1
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1 1 1 1 0 0
2 1 1 1 1 1
3 1 0 1 1 0
4 1 0 1 1 1
5 1 1 1 1 0
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