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K-NEAREST NEIGHBOR/ CLASSIFICATION/ MEDICAL DATA

In this research, we have studied the problem of data classification with the k-
nearest neighbor (KNN) algorithm. On classifying data, the value of k, which means
the number of closest data, has to be specified. The choice of k has great impact to the
efficiency of data classification. The bad choice of k value results in a low
classification accuracy. The too high value of k can also slow down the computation
time and may decrease the accuracy. Sequentially adjusting k value until reaching the
optimal one is not a practical method because it takes much processing time and the
best accuracy cannot be guaranteed. Therefore, this research has suggested a way to
configure the appropriate value of k based on data characteristics that can result in
accurate classification. The proposed method can help users estimate appropriate
value of k in a quick time.

On analyzing the k value suitable for kNN algorithm, it is necessary to know
the data characteristics. In this research, we consider the distribution of data for
analyzing and recommending the k value to be an important parameter for the KNN

algorithm.
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2.3.3 41530 Cosine Distance
Cosine Distance (Tan et al., 2005) 1NAINAITAIUIU Cosine Similarity 91013911
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cov(p,q) = %<4 (p; — P) * (g — @) (2-6)
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No. Type of Distance Distance Value
1 Euclidean Distance 14.142
2 City Block Distance 20
3 Cosine Distance 0.000376
4 Correlation Distance 0
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1 n
S = HZ(xj—az)(xj—az)'
=1

%[(3 —-3.33)(3-3.33) +

(5-3.33)(5—3.33) +
(7 — 3.33)(7 — 3.33)]

= 22.14

n

Z[(xi — f)’S_l(Xj — f)]3

n
i=1j=1

= S[(2-333)(2214)71 (3 -3.33)* +

| —

D 2

S

[(2 —3.33)(22.14)"1(5 — 3.33)]* +
[(2 —3.33)(22.14)"1(7 = 3.33)]* +
[(1-3.33)(22.14)"1(3 - 3.33)]* +
[(1-3.33)(22.14)"1(5 — 3.33)]* +
[(1-3.33)(22.14)"1(7 — 3.33)]* +
[(2—-3.33)(22.14)"'(3-3.33)]* +
[(2—-3.33)(22.14) (5 -3.33)]® +
[(2 —3.33)(22.14) (7 — 3.33)]3
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St Ao ANI! a
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2 Plasma Glucose Concentration a 2 Hours in an Oral 0-199

Glucose Tolerance Test

3 Diastolic Blood Pressure 0-122
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7 Diabetes Pedigree Function 0.078-2.42
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D 1o 8 16 | 24 32 | 41 | 49 | 57 | 65 | 73 | s1
Euclidean | 0.65 | 0.57 | 0.59 | 0.58 | 0.57 | 0.56 | 0.6 | 0.62 | 0.59 | 0.59 | 0.63
City Block | 0.74 | 0.64 | 0.63 | 0.62 | 0.64 | 0.64 | 0.68 | 0.67 | 0.67 | 0.67 | 0.67
Cosine 0.6 | 058 ]0.63]063| 06 |067]0.65]0.69]069]065]|0.64
Correlation | 0.59 | 058 | 0.6 | 0.63 | 059 | 0.67 | 0.65 | 0.7 | 0.69 | 0.65 | 0.64
A15197 4.6 namsnaaesnuveyalinuzdudium
D 11 21 | 42 | 63 | 84 | 106 | 127 | 148 | 169 | 190 | 211
Euclidean | 0.98 | 0.97 | 0.97 [ 0.96 | 0.95 | 0.95 | 0.95 | 0.95 | 0.95 | 0.95 | 0.95
City Block | 0.99 | 0.96 | 0.95 | 0.94 | 0.95 | 0.95 | 0.95 | 0.94 | 0.94 | 0.94 | 0.92
Cosine 0.88 | 0.88 | 0.86 | 0.86 | 0.87 | 0.85 | 0.84 | 0.84 | 0.82 | 0.82 | 0.81
Correlation | 0.91 | 0.91 | 0.88 | 0.88 | 0.88 | 0.84 | 0.82 | 0.82 | 0.81 | 0.8 | 0.8
A15197 4.7 HANINAADINUTOYA TTALITNITN
D 11 23 | 46 | 69 92 | 116 | 139 | 162 | 185 | 208 | 231
Euclidean | 0.73 | 0.74 | 0.74 | 0.74 | 0.71 | 0.7 | 0.69 | 0.65 | 0.65 | 0.65 | 0.65
City Block | 0.73 | 0.77 | 0.76 | 0.75 | 0.74 | 0.7 | 0.68 | 0.65 | 0.65 | 0.65 | 0.65
Cosine 0.57 | 0.65 | 0.66 | 0.66 | 0.67 | 0.66 | 0.65 | 0.65 | 0.65 | 0.65 | 0.65
Correlation | 0.56 | 0.68 | 0.66 | 0.65 | 0.68 | 0.66 | 0.65 | 0.65 | 0.65 | 0.65 | 0.65
15197 4.8 HanINAaDINULoYa lsAOUiA
D 11 21 41 | el 82 | 102 | 122 | 143 | 163 | 184 | 204
Euclidean | 0.73 | 0.80 | 0.81 | 0.81 [ 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81
City Block | 0.72 | 0.81 | 0.81 | 0.81 | 0.81 [ 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81
Cosine 0.76 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81
Correlation | 0.72 | 0.81 | 0.81 | 0.81 | 0.81 [ 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81
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D K 1 216 432 648 864 | 1081 | 1297 | 1513 | 1729 | 1945 | 2161
Euclidean 092 [ 093 (093|093 ]093] 093 | 093 [ 093 [ 093 [ 093 | 0.93
City Block 093 [ 09310931093 ] 093 093 | 093 [ 093 | 093 | 093 [ 0.93
Cosine 092 |1 0931093 (093 ]093] 093 (093 | 093 | 093 | 093 | 0.93
Correlation | 0.92 [ 0.93 | 0.93 [ 0.93 | 093 [ 093 | 093 | 093 | 0.93 | 0.93 [ 0.93
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D 1o 8 16 | 24 32 | 41 | 49 | 57 | 65 | 73 | s1
Euclidean | 0.65 | 0.57 | 0.59 | 0.58 | 0.57 | 0.56 | 0.6 | 0.62 | 0.59 | 0.59 | 0.63
City Block | 0.74 | 0.64 | 0.63 | 0.62 | 0.64 | 0.64 | 0.68 | 0.67 | 0.67 | 0.67 | 0.67
Cosine 0.6 | 058 ]0.63]063| 06 |067]0.65]0.69]069]065]|0.64
Correlation | 0.59 | 058 | 0.6 | 0.63 | 059 | 0.67 | 0.65 | 0.7 | 0.69 | 0.65 | 0.64
A15197 4.6 namsnaaesnuveyalinuzdudium
D 11 21 | 42 | 63 | 84 | 106 | 127 | 148 | 169 | 190 | 211
Euclidean | 0.98 | 0.97 | 0.97 [ 0.96 | 0.95 | 0.95 | 0.95 | 0.95 | 0.95 | 0.95 | 0.95
City Block | 0.99 | 0.96 | 0.95 | 0.94 | 0.95 | 0.95 | 0.95 | 0.94 | 0.94 | 0.94 | 0.92
Cosine 0.88 | 0.88 | 0.86 | 0.86 | 0.87 | 0.85 | 0.84 | 0.84 | 0.82 | 0.82 | 0.81
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Correlation | 0.56 | 0.68 | 0.66 | 0.65 | 0.68 | 0.66 | 0.65 | 0.65 | 0.65 | 0.65 | 0.65
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Cosine 0.76 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81
Correlation | 0.72 | 0.81 | 0.81 | 0.81 | 0.81 [ 0.81 | 0.81 | 0.81 | 0.81 | 0.81 | 0.81
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TlsupsuiaidseanEmmmsvhan in dadisanuveidimnasinaszazmana q
load("xDatasets.mat')

BC = CalKnn(BC_Train,BC_train,BC_Test,BC_test)

PM = CalKnn(PM_Train,PM_train,PM_Test,PM _test)

HD = CalKnn(HD_Train,HD_train,HD Test,HD test)

AM = CalKnn(AM_Train,AM_train,AM_Test,AM _test)

TR = CalKnn(TR_Train, TR _train,TR_Test,TR_test)

function [ result | = CalKnn( trD, trC, tsD, tsC )
D = {'euclidean','cityblock’','cosine','correlation'};
%,'mahalanobis','cosine',"hamming','jaccard',chebychev
nDis = size(D,2);
result = cell(nDis,11);
for idist=1:nDis
a= [1];
a=[a, round((1:10)*(size(tsD,1)/10))];
kind = 2;
result{idist,1} = D{idist};
for ice=a
mdl = ClassificationKNN.fit(trD,trC,'Distance',D{idist},'NumNeighbors',ice);
label = predict(mdltsD);
acc = sum(strcmp(tsC,label))/length(tsC);
result{idist,kInd} = acc;
kInd = kInd +1;
end
end

end
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Tilsunsumsnageunuvanifeiudeyamansunnd
### Library/Sampling Function ###
library("psych", lib.loc="~/R/win-library/3.2")

library("sampling", lib.loc="~/R/win-library/3.2")

preprocess <- function(xdata) {
tmp <- vector()
for(i in 1:dim(xdata)[2]){
if(length(unique(xdatal,i]))>1) {

tmp <- c(tmp,i)

}
}
return(tmp)
}
set.seed(0)

stsampling <- function(X,target,test){

output <- list()

idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID _unit
output$train <- X[idtrain,]

output$test <- X[(idtrain*-1),]

return (output)

}

## HD ###

heart r <- read.csv("E:/Dropbox/Public/%‘]ﬂm‘i /58-1/Advance Datamining/1-58 Paper/HD.csv")
heart <- read.csv("E:/Dropbox/Public/%‘]ﬂm‘i /58-1/Advance Datamining/1-

58 Paper/HD_dummy noMV.csv")

HD <- stsampling(heart,"Class",0.3)
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set.seed(5)

HD id20 <- strata(HD$test,stratanames="Class",size=c(10,10), method="srswor")$ID unit
tHD <- heart_r[row.names(HDS$test),]

tHD$Class <- NULL

mardia(tHD[HD id20,])

set.seed(6)

HD _id20 <- strata(HD$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tHD <- heart_r[row.names(HDS$test),]

tHD$Class <- NULL

mardia(tHD[HD_id20,])

set.seed(13)

HD _id20 <- strata(HD$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tHD <- heart_r[row.names(HDS$test),]

tHD$Class <- NULL

mardia(tHD[HD id20,])

#it# BC #it#
breast2 <- read.csv("E:/Dropbox/Public/%“Iﬂﬂ”IS/S 8-1/Advance Datamining/1-58 Paper/breast-
cancer-wisconsin.csv", na.string = "?")

BC <- stsampling(breast2,"X2.1",0.3)

set.seed(5)

BC id20 <- strata(BCS$test,stratanames="X2.1",size=c(10,10), method="srswor")$ID_unit
tBC <- breast2[row.names(BC$test), ]

tBC$X2.1 <- NULL

mardia(tBC[BC _id20,])

set.seed(6)

BC id20 <- strata(BC$test,stratanames="X2.1",size=c(10,10), method="srswor")$ID_unit
tBC <- breast2[row.names(BC$test), ]

tBC$X2.1 <- NULL
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mardia(tBC[BC id20,])

set.seed(13)

BC id20 <- strata(BCStest,stratanames="X2.1",size=c(10,10), method="srswor")$ID_unit
tBC <- breast2[row.names(BC$test), ]

tBC$X2.1 <- NULL

mardia(tBC[BC id20,])

Hitt PM #i#
pima <- read.csv("E:ﬂ)ropbox/Public/%Gmﬂ15 /58-1/Advance Datamining/1-58 Paper/pima-
indians-diabetes.txt")

PM <- stsampling(pima,"X1",0.3)

set.seed(5)

PM_id20 <- strata(PM$test,stratanames="X1",size=c(10,10), method="srswor")$ID_unit
tPM <- pima[row.names(PMS$test),]

tPM$X2.1 <- NULL

mardia(tPM[PM id20,])

set.seed(6)

PM id20 <- strata(PM$test,stratanames="X1",size=c(10,10), method="srswor")$ID_unit
tPM <- pima[row.names(PM$test),]

tPM$X2.1 <- NULL

mardia(tPM[PM id20,])

set.seed(13)

PM_id20 <- strata(PM$test,stratanames="X1",size=c(10,10), method="srswor")$ID_unit
tPM <- pima[row.names(PM$test), ]

tPM$X2.1 <-NULL

mardia(tPM[PM id20,])

#iH TR #iHt
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thyroid2¢ <- read.csv("E:/Dropbox/Public/aslﬂmi /58-1/Advance Datamining/1-58 Paper/ann-
thyroid.full2¢c.csv")

TR <- stsampling(thyroid2c¢,"Class",0.3)

set.seed(5)

TR_id20 <- strata(TRS$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tTR <- thyroid2c[row.names(TR$test),]

tTR$Class <- NULL

ppTR <- preprocess(tTR[TR id20,])

mardia(tTR[TR id20,ppTR])

set.seed(6)

TR_id20 <- strata(TRS$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tTR <- thyroid2c[row.names(TR$test), ]

tTR$Class <- NULL

ppTR <- preprocess(tTR[TR _id20,])

mardia(tTR[TR _id20,ppTR])

set.seed(13)

TR id20 <- strata(TRS$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tTR <- thyroid2c[row.names(TR$test),]

tTR$Class <- NULL

ppTR <- preprocess(tTR[TR _id20,])

mardia(tTR[TR_id20,ppTR])

#i## AM ###5#13#16

asthma r <- read.csv("E:/Dropbox/Public/aﬂﬂmi/S8-l/Advance Datamining/1-
58 Paper/PA_noMV2c.csv")

asthma <- read.csv("E:/Dropbox/Public/%‘]ﬂm‘i /58-1/Advance Datamining/1-
58 Paper/PA_dummy noMV2c.csv")

asthma r[,"PA_level"] <- relevel(asthma_r[,"PA_level"],"low-mod")

asthmal[,"PA_level"] <- relevel(asthmal[,"PA_level"],"low-mod")
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AM <- stsampling(asthma r,"PA_level",0.3)

set.seed(1)

AM 1d20 <- strata(AMStest,stratanames="PA_level",size=c(10,10), method="srswor")$ID unit
tAM <- asthma_r[row.names(AMS$test),]

tAMSPA level <- NULL

pPPAM <- preprocess(tAM[AM _id20,])

mardia(t(AM[AM_id20,ppAM])

set.seed(2)

AM _id20 <- strata(AM$Stest,stratanames="PA_level",size=c(10,10), method="srswor")$ID _unit
tAM <- asthma_r[row.names(AMS$test),]

tAMSPA _level <- NULL

pPPAM <- preprocess(tAM[AM id20,])

mardia(tAM[AM _id20,ppAM])

set.seed(3)

AM 1d20 <- strata(AMStest,stratanames="PA_level",size=c(10,10), method="srswor")$ID unit
tAM <- asthma_r[row.names(AMS$test),]

tAMSPA level <- NULL

PPAM <- preprocess(tAM[AM id20,])

mardia(tAM[AM _id20,ppAM])
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TlsupsuiaidseanEmmmsvhan in dadisanuveidimnasinaszazmana q
load("xDatasets.mat')

BC = CalKnn(BC_Train,BC_train,BC_Test,BC_test)

PM = CalKnn(PM_Train,PM_train,PM_Test,PM _test)

HD = CalKnn(HD_Train,HD_train,HD Test,HD test)

AM = CalKnn(AM_Train,AM_train,AM_Test,AM _test)

TR = CalKnn(TR_Train, TR _train,TR_Test,TR_test)

function [ result | = CalKnn( trD, trC, tsD, tsC )
D = {'euclidean','cityblock’','cosine','correlation'};
%,'mahalanobis','cosine',"hamming','jaccard',chebychev
nDis = size(D,2);
result = cell(nDis,11);
for idist=1:nDis
a= [1];
a=[a, round((1:10)*(size(tsD,1)/10))];
kind = 2;
result{idist,1} = D{idist};
for ice=a
mdl = ClassificationKNN.fit(trD,trC,'Distance',D{idist},'NumNeighbors',ice);
label = predict(mdltsD);
acc = sum(strcmp(tsC,label))/length(tsC);
result{idist,kInd} = acc;
kInd = kInd +1;
end
end

end




55

Tilsunsumsnageunuvanifeiudeyamansunnd
### Library/Sampling Function ###
library("psych", lib.loc="~/R/win-library/3.2")

library("sampling", lib.loc="~/R/win-library/3.2")

preprocess <- function(xdata) {
tmp <- vector()
for(i in 1:dim(xdata)[2]){
if(length(unique(xdatal,i]))>1) {

tmp <- c(tmp,i)

}
}
return(tmp)
}
set.seed(0)

stsampling <- function(X,target,test){

output <- list()

idtrain <- strata(X,stratanames=target,size=table(X[,target])*(1-test), method="srswor")$ID _unit
output$train <- X[idtrain,]

output$test <- X[(idtrain*-1),]

return (output)

}

## HD ###

heart r <- read.csv("E:/Dropbox/Public/%‘]ﬂm‘i /58-1/Advance Datamining/1-58 Paper/HD.csv")
heart <- read.csv("E:/Dropbox/Public/%‘]ﬂm‘i /58-1/Advance Datamining/1-

58 Paper/HD_dummy noMV.csv")

HD <- stsampling(heart,"Class",0.3)
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set.seed(5)

HD id20 <- strata(HD$test,stratanames="Class",size=c(10,10), method="srswor")$ID unit
tHD <- heart_r[row.names(HDS$test),]

tHD$Class <- NULL

mardia(tHD[HD id20,])

set.seed(6)

HD _id20 <- strata(HD$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tHD <- heart_r[row.names(HDS$test),]

tHD$Class <- NULL

mardia(tHD[HD_id20,])

set.seed(13)

HD _id20 <- strata(HD$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tHD <- heart_r[row.names(HDS$test),]

tHD$Class <- NULL

mardia(tHD[HD id20,])

#it# BC #it#
breast2 <- read.csv("E:/Dropbox/Public/%“Iﬂﬂ”IS/S 8-1/Advance Datamining/1-58 Paper/breast-
cancer-wisconsin.csv", na.string = "?")

BC <- stsampling(breast2,"X2.1",0.3)

set.seed(5)

BC id20 <- strata(BCS$test,stratanames="X2.1",size=c(10,10), method="srswor")$ID_unit
tBC <- breast2[row.names(BC$test), ]

tBC$X2.1 <- NULL

mardia(tBC[BC _id20,])

set.seed(6)

BC id20 <- strata(BC$test,stratanames="X2.1",size=c(10,10), method="srswor")$ID_unit
tBC <- breast2[row.names(BC$test), ]

tBC$X2.1 <- NULL
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mardia(tBC[BC id20,])

set.seed(13)

BC id20 <- strata(BCStest,stratanames="X2.1",size=c(10,10), method="srswor")$ID_unit
tBC <- breast2[row.names(BC$test), ]

tBC$X2.1 <- NULL

mardia(tBC[BC id20,])

Hitt PM #i#
pima <- read.csv("E:ﬂ)ropbox/Public/%Gmﬂ15 /58-1/Advance Datamining/1-58 Paper/pima-
indians-diabetes.txt")

PM <- stsampling(pima,"X1",0.3)

set.seed(5)

PM_id20 <- strata(PM$test,stratanames="X1",size=c(10,10), method="srswor")$ID_unit
tPM <- pima[row.names(PMS$test),]

tPM$X2.1 <- NULL

mardia(tPM[PM id20,])

set.seed(6)

PM id20 <- strata(PM$test,stratanames="X1",size=c(10,10), method="srswor")$ID_unit
tPM <- pima[row.names(PM$test),]

tPM$X2.1 <- NULL

mardia(tPM[PM id20,])

set.seed(13)

PM_id20 <- strata(PM$test,stratanames="X1",size=c(10,10), method="srswor")$ID_unit
tPM <- pima[row.names(PM$test), ]

tPM$X2.1 <-NULL

mardia(tPM[PM id20,])

#iH TR #iHt
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thyroid2¢ <- read.csv("E:/Dropbox/Public/aslﬂmi /58-1/Advance Datamining/1-58 Paper/ann-
thyroid.full2¢c.csv")

TR <- stsampling(thyroid2c¢,"Class",0.3)

set.seed(5)

TR_id20 <- strata(TRS$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tTR <- thyroid2c[row.names(TR$test),]

tTR$Class <- NULL

ppTR <- preprocess(tTR[TR id20,])

mardia(tTR[TR id20,ppTR])

set.seed(6)

TR_id20 <- strata(TRS$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tTR <- thyroid2c[row.names(TR$test), ]

tTR$Class <- NULL

ppTR <- preprocess(tTR[TR _id20,])

mardia(tTR[TR _id20,ppTR])

set.seed(13)

TR id20 <- strata(TRS$test,stratanames="Class",size=c(10,10), method="srswor")$ID_unit
tTR <- thyroid2c[row.names(TR$test),]

tTR$Class <- NULL

ppTR <- preprocess(tTR[TR _id20,])

mardia(tTR[TR_id20,ppTR])

#i## AM ###5#13#16

asthma r <- read.csv("E:/Dropbox/Public/aﬂﬂmi/S8-l/Advance Datamining/1-
58 Paper/PA_noMV2c.csv")

asthma <- read.csv("E:/Dropbox/Public/%‘]ﬂm‘i /58-1/Advance Datamining/1-
58 Paper/PA_dummy noMV2c.csv")

asthma r[,"PA_level"] <- relevel(asthma_r[,"PA_level"],"low-mod")

asthmal[,"PA_level"] <- relevel(asthmal[,"PA_level"],"low-mod")
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AM <- stsampling(asthma r,"PA_level",0.3)

set.seed(1)

AM 1d20 <- strata(AMStest,stratanames="PA_level",size=c(10,10), method="srswor")$ID unit
tAM <- asthma_r[row.names(AMS$test),]

tAMSPA level <- NULL

pPPAM <- preprocess(tAM[AM _id20,])

mardia(t(AM[AM_id20,ppAM])

set.seed(2)

AM _id20 <- strata(AM$Stest,stratanames="PA_level",size=c(10,10), method="srswor")$ID _unit
tAM <- asthma_r[row.names(AMS$test),]

tAMSPA _level <- NULL

pPPAM <- preprocess(tAM[AM id20,])

mardia(tAM[AM _id20,ppAM])

set.seed(3)

AM 1d20 <- strata(AMStest,stratanames="PA_level",size=c(10,10), method="srswor")$ID unit
tAM <- asthma_r[row.names(AMS$test),]

tAMSPA level <- NULL

PPAM <- preprocess(tAM[AM id20,])

mardia(tAM[AM _id20,ppAM])
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THE METHODOLOGY TO FIND APPROPRIATE K FOR
K-NEAREST NEIGHBOR CLASSIFICATION
WITH MEDICAL DATASETS

Pongsakorn Teerarassamee, Kittisak Kerdprasop, Nittaya Kerdprasop
School of Computer Engineering, Suranaree University of Technology, Thailand

ABSTRACT

This research studies the problem of distance-based
data classification using k-nearest neighbor algorithm for
classifying medical datasets. The classification of data
needs to define value k of the most k nearest data points
and then classifying new data point to be the same class
as the majority value among the k data. If the choice of
value k is not suitable, then the accuracy of the
classification is lower than it should be. On the contrary.
if, user is defines a lot of value of k. it will result in a very
slow process. This paper presents the guideline regarding
how to select an appropriate value k to the medical field.
by considering the nature of the classes and instances. A
different distance metric also results in different level of
accuracy. In this study. we perform k-nearest neighbor
classification using 8 different distance measurement.
The suitable distance metric and appropriate k value and
reported as a guideline to the user.

1. INTRODUCTION

The k-nearest neighbor algorithm (KNN) is a method
of classification. It is categorized as supervised learning.
That means the data already know the answer of Data
Classification is the process of learning from data is the
answer. Techniques such as the widely used. whether it
is medical (Hu & Shao. 2012) or the Hydrology and
Meteorology (Lee & Ouarda, 2011). The configuration
value k is the scope or in the data analysis. By setting
value k are the results on the use of resources to analyze
data. The time it takes to process if the value of k. high
processing will take longer. This research was presented
on how to find the appropriate value k is applied to
medical data. Such as data on asthma patients at different
levels. Data for heart patients and breast cancer. etc.
There is also speculation about the distance. (Medjahed.
Saadi. & Benyettou, 2013). Different again In addition to

the appropriate value k to reduce the processing time and also
added the validity as well. In this study. Selected to 8 different
distances because of the nature of distance often give an not
equal. so that 1s why this study. those selected distance.

The people who want to use the k-Nearest Neighbor
classification methods from this research can be used to
configure value k of k-Nearest Neighbor immediately.

2. ANALYSIS
In this studied, pupose is to determine value k
appropriate, taking into consideration the type of distance
because the distance is often different to the validity different.
And characteristics that affect the configuration information
as well. We using 8 different distances for compare
performance.
¢ Euclidean Distance
dp. @) = yZiii(a —pi)? (n
Let d(p.q) is distance of Euclidean. p; and g; is
points in dimension.
Euclidean Distance (Deza & Deza. 2009). is popular
distance because easy to understand By measuring the

distance of the two points.
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Fig. 4 Euclidean Distance.

e Cityblock (or Manhattan) Distance

d(p.q) =X |p; — ail

@

Fig. 6 Chebyshev Distance.

e Correlation Distance

Let d(p,q) is distance of Cityblock. (Krause,
1987) p; and g; is points in dimension.
Cityblock Distance is driving route distance.

Fig. 5 Cityblock (or Manhattan) Distance (red or blue
line).

e  Chebyshev Distance
d(p. q) = max;(|p; — ai]) 3)
Let d(p.q) is distance of Chebyshev. (Cantrell,
2000) p; and g; is points in dimension.

d(p' q) =1- stdc(‘:;ii‘tctli}(q) (4)
cov(p.q) = Ti(p—P) * (g~ (D)
std(p) = [Tk, (p, — D)2 ©)

P= XDy @)

Let d(p,q) is distance of Correlation. (Pearson,
1895) p; and g; is points in dimension. cov(p,q) is
covariance. and std(p) is standard deviation.

e Cosine Distance
dp.q) = 1 - ==k ®)
’E{‘:l(m)z* ’E}’:l(m)z
Let d(p,q) is distance of Cosine. (Singhal. 2001)
p; and g; is points in dimension.

e  Hamming Distance
dp.q) = Y5k #¥qed (@
Let d(p,q) is distance of Hamming. (Hamming,
1950) ypj and y, ) is items or points in dimension.

e Jaccard Distance

— 1 _ Jin
d(p, q} =1 Iptlgtiim

Let d(p,q) is distance of Jaccard. (Jaccard, 1901)
Jin 1s number of intersection between item p and item q. J,

(10)

is number of item p and [ is number of item .
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3. EXPERIMENT

In experiments. we used 2 data sets from the UCI
Machine Learning Repository and 1 data set from the
Maharat Nakhon Ratchasima Hospital on 8 Nov 2014
(Table 1).

We compare the 8 distances to find the appropriate k
value and the best distance for k-Nearest Neighbor. The
classification performances of all cases were measured by
ten-fold cross validation.

Table 1 Basic information of data sets.

Name Instances Attributes Classes
Breast Cancer
. . 683 10 2
Wisconsin
Heart Disease 270 13 2
Asthma 698 13 3

Asthma
1
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Fig. 1 Classification asthma with 7 different distances.

Heart Disease
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Fig. 2 Classification heart disease with 7 different distances.

Breast Cancer Wisconsin
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i Jaccard = Mahalanobis

Fig. 3 Classification breast cancer wisconsin with 8 different
distances.

The results showed in Fig.1 — 3 is a relationship between
accuracy and number of instances. From asthma. It can be
seen that Hamming Distance and Jaccard Distance have
accuracy high value and is similar to heart disease. In breast
cancer wisconsin when k= 1 will give the accuracy in all the
instances.
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In asthma datasets and heart disease datasets can’t use
Mahalanobis Distance because the calculation requires
covariance symmetry but all above datasets have
covariance asymmetric.

4. CONCLUSION

In this study. Using 8 distances with k-Nearest
Neighbor and each will have a different distance away
from the results obtained are found fo classes and the
number of instances affect the configuration k with the
following characteristics.

If there are 3 classes and a number of instances value
of k that will be in the range of 30% of instances with
odometer Hamming Distance and Jaccard Distance.

If there are 2 classes of data and the number of
instances value of k that will be in the range of 20% of
instances with all above distance but except the
Hamming Distance and Jaccard Distance.

If the data is Instances least 2 classes and the

appropriate k can be used as k=1 immediately.
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Abstract

This research aims at studying the performance of
k-nearest neighbor classification when applying different
distance measurements. In this work, we comparatively
study 11
Standardized Euclidean,

distance metrics  including  Euclidean,

City  block,
Minkowski, Chebychev, Cosine, Correlation, Hamming,

Mabhalanobis,

Jaccard, and Spearman. A series of experimentations has
been performed on eight synthetic datasets with various
kinds of distribution. The distance computations that
provide highly accurate prediction consist of City block,
Minkowski, and

Chebychev, Euclidean, Mahalanobis,

Standardize Euclidean techniques.

Keywords: Data Classification, Synthetic Data, Distance
Metrics, k-Nearest Neighbors.

1. Introduction

Data mining is the extraction of knowledge hidden in
the data. Data mining is often done with the large datasets.
The knowledge from data mining has been used in various
fields, such as prediction over future situation, assisting in
medical diagnosis, forecasting relation of chronology.

Current data mining methodology has been classified
into several tasks, such as classification, clustering, and
association mining. Data mining each for task will have a
different purpose. Classification task will be trying to
classify data with high accuracy for classifying future
example, such as trying to distinguish between patients with
heart disease and those who are healthy. Clustering task
will try to categorize groups of data such that data in the
same group look similar, whereas they are dissimilar to
others in different groups. Association mining task will try

DOI: 10.12792/iciae2015.051

280

to find rules that represent relation between data with some
support and confident values.

Classification task of data mining can be done with
many algorithms such as k-nearest neighbor. Beyer!”
explained the significance and origin of the nearest
neighbor. Cover'” used k-nearest neighbor to classify data.
Dudani® did research about weighting of distance matrix
values with k-nearest neighbor. Fukunaga® developed
techniques for running k-nearest neighbor faster. Keller®
developed new algorithm named “Fuzzy K-Nearest
Neighbor” based on k-nearest neighbor with the purpose to
use it with fuzzy task. Kohn® used city-block distance
matric to increase performance of k-nearest neighbor
algorithm.

This research also studies classification technique with
a specific interest in the k-nearest algorithm. We aim to
analyze the performance of different distance metrics to
finally choose a proper metric that makes a good
classification performance. In this research use 8 synthetic
datasets with different distribution, and a dataset for each
distribution has 2 classes but has different amount of data in
each class. This is to test the impact about amount in each
class on the performance of classification.

The rest of this research is organized as follows:
Section 2 gives details of the k-Nearest Neighbor and the
computation of each distance metric. Section 3 gives details
of our proposed method. The experimental results and
analysis will be presented in Section 4. Finally, the research
is concluded in Section 5.

© 2015 The Institute of Industrial Applications Engineers, Japan.




67

2. Background

2.1  Kk-Nearest Neighbor

The k-nearest neighbor is a semi-supervised learning
algorithm such that it requires training data and a
predefined k value to find the k nearest data based on
distance computation. If k data have different classes, the
algorithm predicts class of the unknown data to be the same
as the majority class. For example, to find the appropriate
class of new datum using the k-nearest neighbor algorithm
with a Euclidean distance metric, the concept can be shown

in Fig. 1.

Fig. 1 shows the classification of iris data. The point to
be classified is (5, 1.45), which is shown with “X”. When
applying k-nearest neighbor algorithm with k = 8 using
Euclidean distance computation, the result is shown with a
radius of dot line. It has two possible classes: virginica class
with two instances and versicolor class with six instances.
This algorithm will classify mark “X” to the class of
versicolor because versicolor class is the majority of data

within the radius.
2.2 Distance Metrics

Distance metrics are a method to find distance between
a new data point and existing training dataset. In this
research, we experiment with 11 distance metrics, which
can be explained as follows.

2 T ¥y
19 0+ -
18 & # 3 +
17 T
16} :
154 I:': D@ B
H X
13 © N *  virginica
12 o )
5 -
1.5 é 5.‘5

Fig. 1. The k-nearest neighbor prediction with k = 8.

Given an mx-by-n data matrix X, which is treated
as mx (1-by-n) row vectors xi, Xa, ..., Xtx, and my-by-n data

matrix Y,  which is treated asmy(l-by-n) row

vectors yi, ya.....ymy, the various distances between the
vectors x, and y; are defined as follows:
1. Euclidean Distance
The Euclidean distance is a measure to find

distance between two points, defined by Eq. (1)

df = (% — Y (X = ¥)' 1)

The Euclidean distance is a special case of the

Minkowski metric, where p = 2.

2. Standardized Euclidean Distance

The standardized Euclidean distance is used to
optimize the problem of finding the distance, defined
by Eq. (2)

die = (6 =¥V 7 s =y’ (©)]
where Vis the n-by-n diagonal matrix whose jth
diagonal element is S(j), S is the vector containing the
inverse weights.
3. Mahalanobis Distance

The Mahalanobis distance is a measure between a
point and a distribution of data, defined by Eq. (3)

d = (x5 =y )0 xs — ye)' (3)
where C is the covariance matrix.
4. City Block Distance
The city block distance between two points is the

sum of the absolute difference of Cartesian coordinates,
defined by Eq. (4)

n
dye = ) [y = g @
J=1

The city block distance is a special case of the

Minkowski metric, where p = 1.
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5. Minkowski Distance
The Minkowski distance is a method to find
distance based on Euclidean space, defined by Eq. (5)

n

»
dg = lesj _y:jlp ()

j=1

For the special case of Minkowski distance

p = 1, the Minkowski metric gives the city block
distance,

p = 2, the Minkowski metric gives the Euclidean
distance, and

p = o0, the Minkowski metric gives the Chebychev
distance.
6. Chebychev Distance

The Chebychev distance is a measure to find
distance between two vectors or points with standard
coordinates, defined by Eq. (6)

dg = maxj{lxsj - ytj'} (6)

The Chebychev distance is a special case of the
Minkowski metric, where p = co.

7. Cosine Distance
The Cosine distance is computed from one minus

the cosine of the included angle between points,
defined by Eq. (7)

Yy
’(xsx’s) (Y:Y't)

8. Correlation Distance

de = 1- 7

Distance based on correlation is a measure of
statistical dependence between two vectors, defined by
Eq. (8)

ao=(1- (=207’ ) ©
* Vo) 7)) e’

where

- _ 1
Xs = ;ijsj

Ve =%2}‘J’:}

9. Hamming Distance
Hamming distance, which is the percentage of
coordinates that differ, can be defined by Eq. (9)

dy = (—#(x” - yﬂ)) ©)

n

10. Jaccard Distance

Jaccard distance is computed from one minus the
Jaccard coefficient, which is the percentage of nonzero
coordinates that differ, defined by Eq. (10)

st

ECBSIRTIRL

B #(xsy # 0)U (s = 0)]

11. Spearman Distance
Spearman distance is computed from one minus the
sample Spearman's ranked correlation between

observations, defined by Eq. (11)

- =7 — )
Vo -0 -1 Vo -7 -7

st =

an

Where

ry is the rank of x,; taken over xyj, xy/, ..xmx,j.

ry is the rank of y; taken over yyj, vyj, ...vmy,j.
reand r,are the coordinate-wise rank vectors

of x; and y,,
Le., 7y = (Kot s o ) and 1, = (P, 1y ooe i)
_ 1 (n+1)
=Y, = e
s nZ; 5j >
o 1 (n+1)
=TTy =

3. Empirical Study Methodology

In this section, we present our study framework using
k-nearest neighbor algorithm with various distance metrics.

The framework is shown in Fig. 2.
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Generated Data

Training set (70%)

Test set (30%)

\

k-Nearest Neighbor

Distance metrics

Euclidean
Standardized
Euclidean
Mahalanobis
City block
Minkowski
Chebychev
Cosine

Correlation

Hamming
Jaccard

Spearman

PV

A 4

Evaluate Classification
Performance

Fig. 2. The framework of our empirical study.

From Fig. 2 the detail of each step can be explained as
follows:

Step 1: Generate binary data set with different
distribution and different amount of data in each class. Then
split data around 70% for training set and 30% for test set,
which will be used for testing the performance of
classification.

Step 2: Use data from step 1 for data classification by

applying the k-nearest neighbor algorithm with various

283

distance metrics to compute the k-nearest data points for
making classification.

Step 3: Analyze the results and conclude about the
performance of classification using various distance

metrics.

4. Experimental Results

4.1 Datasets

For our experiment, the proposed framework has been
applied for classifying binary synthetic datasets. We
generate eight synthetic datasets, each dataset has four
different distributions, and each distribution has two of data
in which class the amount of data in each class is varied.
Each dataset has in total 5000 instances, and three features.
We use MATLAB program to generate synthetic datasets.
Details of the synthetic datasets are given in Table 1. Fig. 3

illustrates an overview of synthetic datasets.

Table 1. Details of synthetic datasets.

Dataset Mean SD Class1 | Class2 | Total
1 [000; [100; 2500 2500 5000
300] 010;
001]
2 [000; [roo; 4750 250 5000
300] 010;
001]
3 [000; [0.200; 2500 2500 5000
003] 00.20;
001]
4 [ooo; [0.200; 4750 250 5000
003] 00.20;
001]
5 [0o00; [100; 2500 2500 5000
300] 00.20;
0002]
6 [000:; [100; 4750 250 5000
300] 00.20;
000.2]
7 [000; [1090; 2500 2500 5000
330] 0910;
001]
8 [000; [10.90; 4750 250 5000
330] 0910;
001]
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Fig. 3. Distribution of the eight synthetic datasets, each one has four kinds of distribution.

X algorithm (that is, k-Nearest Neighbor) and the same

4.2  Experimental Results . ) i X

parameter setting. The only varied factor is a distance

The results from the proposed study framework for measurement. It turns out that the Hamming and Jaccard
eight synthetic datasets have been shown in Figs. 4 and 5. distance metrics perform badly on 4 out of 8 datasets.

The data classification has been performed with the same

Accuracy Test Set 1-4
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0.5
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R R e ]
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HECCEOEEOERReaeEG

Datal Data 2 Data 3
B cityblock # chebychev M correlation E cosine B euclidean Blhamming

B jaccard HAmahalanobis B minkowski H seuclidean A spearman

Fig. 4. Accuracy of synthetic datasets from no. 1 to no. 4.
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Accuracy Test Set 5-8
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Fig. 5. Accuracy of synthetic datasets from no. 5 to no. 8.
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