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Lampiran 1 Package yang digunakan
library (GEOquery)
library (Biobase)
library(affy)
library(genefilter)
library(gcrma)
library(stats4)

library (IRanges)
library (S4Vectors)
library(org.Hs.eg.db)
library (AnnotationDbi)
library (hgul33plus2.db)
library (hgul33acdf)
library (hgul33plus2cdf)
library (hgul33a.db)
library (simpleaffy)
library (preprocessCore)
library (affyPLM)
library (x1sx)

library (FSelector)
library(lattice)
library (ggplot2)
library (caret)
library(el071)

library (pROC)

library (PRROC)

library (ROSE)

library (randomForest)

n 2 Preprosesing

h<- threestep(gsel8732, background.method = "RMA.2",
re.method="quantile", summary.method="median.polish")

| data)
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Lampiran 3 Filtering

filter <- nsFilter (rma data, require.entrez =T, remove.dupEntrez =
T,var.cutoff = 0.5, feature.exclude = ""AFFX")

log <-filterS$filter.log

eset <- filterS$eset

featureNames (eset) <- make.names (featureNames (eset))
View (eset)

dim(eset)

rawdata.exprs = t (exprs(eset))

norm rawdataZ=as.data.frame (rawdata.exprs)

norm rawdataz2$y=label

Lampiran 4 Chi-Square Ranking
weights <- chi.squared(y~.,norm rawdata2[,1:10094])
subset.CSQR<- cutoff.k(weights, 500)
#Gene name dan gene ontology
id.CSQRgene = as.character (NULL)
for(i in 1:500) {
1id.CSQRgene[i] <- substring(subset.CSQR[i],2)
}
select (hgul33plus2.db, id.CSQRgene, "GENENAME")

gennameCSQR <- select (hgul33plus2.db, id.CSQRgene,
c ("SYMBOL", "GENENAME") , "PROBEID")

ontologyCSQR <- select (hgul33plus2.db, id.CSQRgene,
c ("SYMBOL", "GENENAME", "ENTREZID", "ONTOLOGY"), "PROBEID")

top500 <- NULL
for(i in 1:500) {
top500[i] <- grep(subset.CSQR[i],colnames (norm rawdataZ2))

}

norm rawdata3<- norm rawdata2[, top500]

idata3Sy=label

n 5 Information Gain Ranking

gain <- information.gain(y~., norm rawdata3)

Optimization Software:
www . balesio.com 50




subset.gain<- cutoff.k (weights.gain, 400)#Gene name dan gene
ontology

id.IGgene = as.character (NULL)
for(i in 1:400) {
id.IGgene[i] <- substring(subset.gain[i], 2)
}
select (hgul33plus2.db, id.IGgene, "GENENAME")

gennameIG <- select (hgul33plus2.db, id.IGgene,
c ("SYMBOL", "GENENAME") , "PROBEID")

ontologyIG <- select (hgul33plus2.db, id.IGgene,
c("SYMBOL", "GENENAME", "ENTREZID", "ONTOLOGY"), "PROBEID")

top400 <- NULL
for(i in 1:400) {
top400[i] <- grep(subset.gain[i],colnames (norm rawdata3))
}
norm rawdatad4<- norm rawdata3[,top400]

norm rawdatad4Sy=label

Lampiran 6 Random Forest Importance Ranking

weights.rf <- random.forest.importance(y~., norm rawdata4,
importance.type = 1)

subset.rf<- cutoff.k(weights.rf, 300)
id.RFIgene = as.character (NULL)
for(i in 1:300) {
id.RFIgene[i] <- substring(subset.rf[i],2)
}
select (hgul33plus2.db, id.RFIgene, "GENENAME")

gennameRFI <- select (hgul33plus2.db, id.RFIgene,
c ("SYMBOL", "GENENAME") , "PROBEID")

ontologyRFI <- select (hgul33plus2.db, id.RFIgene,
c ("SYMBOL", "GENENAME", "ENTREZID", "ONTOLOGY"), "PROBEID")

top300 <- NULL

| —

h 1:300) {

D[1] <- grep(subset.rf[i],colnames (norm rawdata4))
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norm rawdata5<- norm rawdata4[, top300]
norm rawdata5S$y=label

Lampiran 7 Seleksi Fitur LDA

best.acc <= 0

acc <- NULL

pb <- txtProgressBar (min = 0, max = 100, style = 3)

for(i in 1:100) {

index

train norm rawdatab[index, ]

test = norm rawdatab5[-index, ]

tes.label <- testSy

lda.fit = train(y ~ ., data=train, method="lda",

trControl = trainControl (method = "cv",number
10))

print(lda.fit)
summary (lda.fit)
pred.y = predict(lda.fit, test)
matrixConfussion <- confusionMatrix (tes.label,pred.y)
acc[i]<- matrixConfussion[["overall"]][["Accuracy"]]
if (accl[i]>best.acc) {
best.acc<-acc[i]
best.matrixCon <- matrixConfussion
best.train <- train
best.model <- 1lda.fit
}

setTxtProgressBar (pb, 1)

close (pb)

<- predictors(lda.fit)
bme dan gene ontology

bne = as.character (NULL)
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for(i in 1:300) {
id.LDAgene[i] <- substring(genelLDA[i],2)
}

select (hgul33plus2.db, id.LDAgene, "GENENAME")

gennamelLLDA <- select (hgul33plus2.db, id.LDAgene,

c ("SYMBOL", "GENENAME") , "PROBEID")

ontologyLDA <- select (hgul33plus2.db, id.LDAgene,

c ("SYMBOL", "GENENAME", "ENTREZID", "ONTOLOGY"),
Lampiran 8 Seleksi Fitur RandomForest RFE
best.accl <= 0

accl <- NULL

pb <- txtProgressBar (min = 0, max = 100, style

"PROBEID")

= 3)

control <- rfeControl (functions=rfFuncs, method="cv", number=10)

# run the RFE algorithm

results <- rfe(norm rawdata5[,1:300], norm rawdata5[,301],

sizes=c(1:300), rfeControl=control)
# summarize the results
print (results)
# list the chosen features
geneRF <- predictors (results)
#Gene name dan gene ontology
id.RFgene = as.character (NULL)
for(i in 1:300) {
id.RFgene[i] <- substring(geneRF[i],2)
}
select (hgul33plus2.db, id.RFgene, "GENENAME")

gennameRF <- select (hgul33plus2.db, id.RFgene,
c ("SYMBOL", "GENENAME") , "PROBEID")

ontologyRF <- select (hgul33plus2.db, id.RFgene
c ("SYMBOL", "GENENAME", "ENTREZID", "ONTOLOGY"),

n 9 Seleksi Fitur SVM
FSVM <- 0

<- NULL
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pb.SVM

for(i 1

indexSVM = createDataPartition(y=norm rawdata5S$y,

list=FA

<- txtProgressBar (min = 0, max = 100, style

n 1:100) {

LSE)

trainSVM = norm rawdatab[index, ]

testSVM
tes.lab

svm_Rad

10),

test pr

matrixc
confusi

acc.SVM[i]<- matrikxconfussionSVM[ ["overall"]][["Accuracy"]]

if (acc.
best.
best
best.
best.
}
setTxtP
}

close (p

= norm_rawdatab[-index, ]

elSVM <- testSy

ial <- train(y ~., data = trainSVM, method =

trControl=trainControl (method =

tunelength = 10)
ed Radial <- predict(svm Radial, newdata

onfussionSVM <-
onMatrix (tes.labelSVM, test pred Radial )

SVM[i]>best.accSVM) {

accSVM<-acc.SVM[1i]

.matrixConSVM <- matrixconfussionSVM

trainSVM <- trainSVM

modelSVM <- svm Radial

rogressBar (pb.SVM, i)

b.SVM)

geneSVM <- predictors(svm Radial)

#Gene name dan gene ontology

id.SVMgene = as.character (NULL)

for(i 1

n 1:300) {

id.SVMgene[i] <- substring(geneSVMI[i],2)

hgul33plus2.db, id.SVMgene, "GENENAME")

EVM <- select (hgul33plus2.db, id.SVMgene,
DL.", "GENENAME") , "PROBEID")
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ontologySVM <- select (hgul33plus2.db, id.SVMgene,
c ("SYMBOL", "GENENAME", "ENTREZID", "ONTOLOGY"), "PROBEID")

Lampiran 10 Tabel Perbandingan Hasil

best.LDA70acc<-
rbind (best.acc52,best.accl0,best.acc20,best.acc30,best.accd40,best.
acc50,best.accl00,best.accl50,best.acc200,best.acc)

best.SVM70acc<-

rbind (best.accSVM5.70,best.accSVM10.70,best.accSVM20.70,best.accSV
M30.70,best.accSVM40.70,best.accSVM50.70,best.accSVM100.70,best.ac
cSVM150.70,best.accSVM200.70,best.accSVM)

best.RF70acc<-

rbind (best.acc.rf5.70,best.acc.rf10.70,best.acc.rf20.70,best.acc.r
£30.70,best.acc.rf40.70,best.acc.rf50.70,best.acc.rf100.70,best.ac
c.rfl150.70,best.acc.rf200.70,best.acc.rf£300.70)

best.SVM70.auc<-

cbind (best.SVM70acc,c(roc.plot5.708auc, roc.plotl0.70%auc, roc.plot?2
0.70%auc, roc.plot30.70%auc, roc.plotd0.70%auc, roc.plot50.70Sauc, roc
.plot100.70%auc, roc.plotl50.708auc, roc.plot200.70$auc, roc.plot.70$
auc) )

best.LDA70.auc<-

cbind (best.LDA70acc,c(roc.plotLDA5.70%auc, roc.plotLDA10.70Sauc, roc
.plotLDA20.70%auc, roc.plotLDA30.70%auc, roc.plotLDA40.70%auc, roc.pl
otLDA50.70%auc, roc.plotLDA100.708auc, roc.plotLDA150.70%auc, roc.plo
tLDA200.70%auc, roc.plotLDA.70S%auc))

best.RF70.auc<-

cbind (best.RF70acc,c(roc.plotrf5.70%auc, roc.plotrfl0.708auc, roc.pl
otrf20.70%auc, roc.plotrf30.70$auc, roc.plotrf40.70%auc, roc.plotrf50
.70$auc, roc.plotrfl00.70%auc, roc.plotrfl50.70$auc, roc.plotrf200.70
Sauc, roc.plotrf300.70S$auc))

best.LDA70<-

cbind (best.LDA70.auc,c (best.matrixConb52[["byClass"]][["Sensitivity
"]],best.matrixConl0[["byClass"]][["Sensitivity"]],best.matrixCon2
O[["byClass"]][["Sensitivity"]],best.matrixCon30[["byClass"]][["Se
nsitivity"]],best.matrixCond40[["byClass"]][["Sensitivity"]],best.m
atrixConb50[["byClass"]][["Sensitivity"]],best.matrixConl00[["byCla
ss"]][["Sensitivity"]],best.matrixConl50[["byClass"]][["Sensitivit
y"]11,best.matrixCon200[["byClass"]][["Sensitivity"]],best.matrixCo
n[["byClass"]][["Sensitivity"]11))

best.LDA70<-
cbind (best.LDA70.auc,c(best.matrixCon52 [ ["byClass"]][["Sensitivity

Y11l _hest matrixConlO[["byClass"]][["Sensitivity"]],best.matrixCon2
- [ass"]][["Sensitivity"]],best.matrixCon30[["byClass"]][["Se
ry"]],best.matrixCon40[["byClass"]][["Sensitivity"]],best.m
50 [ ["byClass"]][["Sensitivity"]],best.matrixConl00[["byCla
'Sensitivity"]],best.matrixConl50[["byClass"]][["Sensitivit
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y"]11,best.matrixCon200[["byClass"]][["Sensitivity"]],best.matrixCo
n[["byClass"]][["Sensitivity"]1]1))

best.LDA70<-

cbind (best.LDA70,c (best.matrixCon52[["byClass"]][["Specificity"]],
best.matrixConlO[["byClass"]][["Specificity"]],best.matrixCon20[["
byClass"]][["Specificity"]],best.matrixCon30[["byClass"]][["Specif
icity"]],best.matrixCond40[["byClass"]][["Specificity"]],best.matri
xCon50[["byClass"]][["Specificity"]],best.matrixConl00[["byClass"]
][ ["Specificity"]],best.matrixConl50[["byClass"]][["Specificity"]]
,best.matrixCon200([ ["byClass"]][["Specificity"]],best.matrixCon[["
byClass"]][["Specificity"]11))

best.SVM70<-

cbind (best.SVM70.auc, c(best.matrixConSVM5.70[ ["byClass"]][["Sensit
ivity"]],best.matrixConSVM10.70[["byClass"]][["Sensitivity"]],best
.matrixConSVM20.70[ ["byClass"]][["Sensitivity"]],best.matrixConSVM
30.70[ ["byClass"]][["Sensitivity"]],best.matrixConSVM40.70[["byCla
ss"]][["Sensitivity"]],best.matrixConSVM50.70[["byClass"]][["Sensi
tivity"]],best.matrixConSVM100.70([["byClass"]][["Sensitivity"]], be
st.matrixConSVM150.70([ ["byClass"]][["Sensitivity"]],best.matrixCon
SVM200.70[ ["byClass"]][["Sensitivity"]],best.matrixConSVM.70[ ["byC
lass"]][["Sensitivity"]]))

best.SVM70<-

cbind (best.SVM70,c (best.matrixConSVM5.70[ ["byClass"]][["Specificit
y"]],best.matrixConSVM10.70[ ["byClass"]][["Specificity"]],best.mat
rixConSVM20.70[ ["byClass"]] [["Specificity"]],best.matrixConSVM30.7
O[["byClass"]][["Specificity"]],best.matrixConSVM40.70[["byClass"]
][ ["Specificity"]],best.matrixConSVM50.70[["byClass"]][["Specifici
ty"]],best.matrixConSVM100.70[["byClass"]][["Specificity"]],best.m
atrixConSVM150.70[ ["byClass"]]1[["Specificity"]],best.matrixCon3SVM2
00.70[["byClass"]][["Specificity"]],best.matrixConSVM.70[["byClass
"]1[["Specificity"]]))

best .RF70<-

cbind (best.RF70.auc,c(best.matrixCon.rf5.70[["byClass"]][["Sensiti
vity"]],best.matrixCon.rfl10.70[["byClass"]][["Sensitivity"]],best.
matrixCon.rf20.70[["byClass"]][["Sensitivity"]],best.matrixCon.rf3
0.70[["byClass"]][["Sensitivity"]],best.matrixCon.rf40.70[["byClas
s"]1[["Sensitivity"]],best.matrixCon.rf50.70[["byClass"]][["Sensit
ivity"]],best.matrixCon.rf100.70[["byClass"]][["Sensitivity"]],bes
t.matrixCon.rfl150.70[["byClass"]][["Sensitivity"]],best.matrixCon.
rf200.70[["byClass"]][["Sensitivity"]],best.matrixCon.rf300.70[["b
yClass"]][["Sensitivity"]1))

best .RF70<-
cbind (best.RF70,c (best.matrixCon.rf5.70[["byClass"]][["Specificity
S F.matrixCon.rfl10.70[["byClass"]][["Specificity"]],best.matr

F20.70[["byClass"]][["Specificity"]],best.matrixCon.r£30.70
bss"]] [["Specificity"]],best.matrixCon.rf40.70[["byClass"]]
i ficity"]],best.matrixCon.rf50.70[["byClass"]][["Specificit
5t .matrixCon.rfl100.70[["byClass"]][["Specificity"]],best.ma
rf150.70[ ["byClass"]][["Specificity"]],best.matrixCon.rf20
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0.70[["byClass"]][["Specificity"]],best.matrixCon.rf300.70[["byCla
ss"]]1[["Specificity"]11))

dimnames (best.LDA70) =

list(c("5", "10", "20", "30", "40", "50", l'lOO", "150", "200", "300") ,C("AC
curacy (%)","AUC","Sensitivity","Specificity"))

dimnames (best.SVM70) =

llst (C("S", ||10||, ||20||, ||30||, ||40||, ||50||, ||100||, ||150||, ||200||, ||300||) ,C("AC
curacy (%)","AUC","Sensitivity","Specificity"))

dimnames (best.RF70) =

list (c(ll5ll, "10", ll20ll, ll30ll, ll40ll, ll50ll, "100", lll50ll, IIZOO", ll300ll) ,C("AC
curacy (%)","AUC","Sensitivity", "Specificity"))

Lampiran 11 Nama dan Simbol Gen

GEN ID SIMBOL GEN NAMA GEN
206896 s at GNG7 G protein subunit gamma 7
1554628 at ZNF57 zinc finger protein 57
1561539 at LOC100506368 uncharacterized LOC100506368
227203 at FBXL17 F-box and leucine rich repeat protein 17
200650 s _at LDHA lactate dehydrogenase A
206030 at ASPA aspartoacylase
227812 at TNFRSF19 TNF receptor superfamily member 19
202611 s at MED14 mediator complex subunit 14
205145 s at MYL5 myosin light chain 5

f
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