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i4 0.097923 i79 -0.10374
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4.3 A3}

Apriori &312] 53} Elastic net 229 5% item & A3 & 31 7+7+
W= st o] W H7E7]=& Hit ratioo] th. Hit ratiox item #+8 A FZ 3k

el AEF item £ F FHG 579 AsEol AA HelElA vl

watel 1 AFE Al Aotk F) oF] item®] TR E deAd A7) wiE
s 2ol A AR scoreol 7IRbE = AE FHol AA s 2 A
T 9}5}. Score®] A4k

training set¥} test set, B3t item #-ghol] whel xR, EF 209 A|EHo

2 WeAE wasw ¥ ouge o3 wug

S AAER I 22 hit ratio®] He ey 2t}

Alg2old 1 2 3 4 5
Apriori 1.337513 1.340224 1.331074 1.300915 1.35039
Elastic 1.525585 1.535412 1.498475 1.50593 1.551

Algdo]d 6 7 8 9 10
Apriori 1.298882 1.33243 1.316842 1.306676 1.322264

Elastic net 1.509658 1.5449 1.513385 1.531345 1.510335

PEE [P 11 12 13 14 15
Apriori 1.317181 1.272789 1.330735 1.324297 1.328363

Elastic net 1.499831 1.463233 1.545239 1.528973 1.548289

A B ol A 16 17 18 19 20
Apriori 1.307015 1.333446 1.269739 1.28736 1.318536

Elastic net 1.504914 1.545578 1.501525 1.501186 1.52084

Table 4.2 : Item & A 209 Al &d oA 3k Hit ratio Ho H L

A& o] 1 2 3 4 5
Apriori 0.048797 0.059302 0.062352 0.085734 0.04202
Elastic 0.146052 0.130803 0.115215 0.124026 0.121315

AlEdo] A 6 7 8 9 10
Apriori 0.089122 0.069468 0.096239 0.070823 0.061674

Elastic net 0.132836 0.133514 0.139275 0.131481 0.107421

Alggo]d 11 12 13 14 15
Apriori 0.065402 0.063368 0.072857 0.071162 0.021688

Elastic net 0.123348 0.117248 0.133514 0.118943 0.113182

AlEdol A 16 17 18 19 20
Apriori 0.090478 0.039309 0.0837 0.061674 0.049814

Elastic net 0.132836 0.133514 0.139275 0.131481 0.107421

Table 4.3 : Item & F 2019 Al &d o] Ao thdt Hit ratio Ho H L
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Abstract

Jong Dae Kim
The Department of Statistics
The Graduate School

Seoul National University

Association rule analysis algorithm is extensively employed in distribution
field, marketing, or web mining areas in order to discover the association of the
product recommendation or customer purchasing pattern.

Association rule analysis is designed to investigate intriguing relationship
between types of variables in mass database. This association rule analysis is
considered one of the types of unsupervised learning to disclose the association
rule of “if-then” pattern among items in research materials.

The present study investigates more effective model in customer product
recommendation than association rule analysis on previous research and identify
its comparative analysis.

In the present study, logistic regression analysis is employed in that the
customer purchase is a type of binary and elastic net model designed by Zou
and Hastie(2005) is compared and analyzed.

Elastic net is considered a type of compromising model between Ridge
regression and Lasso regression. This model supplements the weaknesses of
Lasso regression which typically selects the only variable among correlated
variables.

From these empirical findings, it is expected to adjust between elastic net
model comprising of Ridge regression and Lasso regression, to discover more
effective model than previous algorithm, and to improve diverse strategies In

analyzing or predicting future studies on Customer Relationship Management
(CRM).

Keywords : Big data, Association rule analysis, Elastic net model, Ridge

regression, Lasso, Hit ratio

Student Number : 2012-23011
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R code

install.packages("arules”)
library (arules)
install.packages(”stringr”)
library (stringr)
install.packages(”glmnet”)

library(glmnet)

data(Groceries)
Groceries

temp = as(Groceries, " matrix”)

Hit##plotHHH#
usersum=vector()
for (i in 1:9835){

usersum[i]=sum(templi,])

usersum=sort(usersum, decreasing=T)
plot(usersum)

hist(usersum)

itemsum=vector()
for (i in 1:169){

itemsumli]=sum(templ,i])

itemsum=sort(itemsum, decreasing=T)
plot(itemsum)

hist(itemsum)

summary (usersum)

summary (itemsum)
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#Hitern A A (177 o] 3wk 3] )4
ii <- which((apply(temp, 2, sum) >= 17) == "TRUE")
temp <- templ,iil

itemsum=vector()
for (i in 1:150){

itemsumlil=sum(templ,i])

itemsum=sort(itemsum, decreasing=T)
plot(itemsum)
hist(itemsum)

summary (itemsum)

HHH ] BE T
colnames(temp)=paste('i’,1:150,sep="")

colnames(temp)

#H##function###
scorevec <- function(indi,temp.ts)
{
score <- rep(0,ncol(temp.ts))
rule.ext <- names(indi)[indi!=0]
nrule<-length(rule.ext)
qq <- comb(rule.ext)
for(i in l:ncol(temp.ts))
{
if(sum(rslt[,2] %in% colnames(temp.ts)[i]) > 0)
{
rslt.ex <- rsltlrsltl,2] %in% colnames(temp.ts)[il,]
g<-vector()
for(j in 1:length(qq))
{
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w <- which(match(as.cha(rslt.ex[1]), qqlj]) != "NA”")

q <- clqw)
)
rslt.ex] <- rsltex[q,]
if(length(q) > 0) scoreli] <- max(rslt.ex1[,4])

score

comb <- function(rule.ex)
{
ky <- rule.ex
for(i in 1:(Iength(rule.ex)-1))
for(j in (i+1):length(rule.ex))

ky <- c(ky, paste(rule.ex[i], rule.ex[jl, sep=","))

ky

as.cha <- function(cha)
{
chare <- character(length=nrow(cha))
for(i in I:nrow(cha))
{
chareli] <- as.character(chali,1])

}

cha.re

scorevec.l <- function(indi.tr, indi.ts)
{
score.l <- rep(0,length(indi.ts))
rule.ext <- names(indi.tr)[indi.tr!=0]

nrule<-length(rule.ext)
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qq <- comb(rule.ext)

for(i in 1l:length(indi.ts))
{
if(sum(rslt[,2] %in% names(indi.ts)[i]) > 0)
{
rslt.ex <- rsltlrslt[,2] %in% names(indi.ts)[i],]
g<-vector()
for(j in 1:length(qq))
{
w <- which(match(as.cha(rslt.ex[1]), qqlj]) != "NA”")
q <- clgq,w)
)
rslt.exl <- rslt.ex|q,]
if(length(q) > 0) score.1[i] <- max(rslt.ex1[,4])

score.l

s A B e o] A (2091 )4
simul.hr <- vector()
simul.enet.hr <- vector()
simul.hr.1 <- vector()

simul.enet.hr.1 <- vector()

for(k in 1:20){

#if#train, test St
n=nrow(temp)
tr = sample(1:n,size=floor(7+n/10),replace=F)
temp.tr=templtr,]
temp.ts=templ —tr,]
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#### apriori ST 5 #iH

rules=apriori(temp.tr, parameter=list(supp=0.01, conf=0.1, target="rules”))

rules=as(rules,”data.frame”)

n=nrow (rules)

p=NULL;

for(i in 1m){
pp = gsub("\\}\\{","” str_split(rules[i,|$rules,” => ")[[1]])
p = c(p,pp)

tmp <- t(matrix(p,nrow=2))
rslt <- chind(tmp,rules[,c(2,3)])

colnames(rslt)[c(1,2)] <- c("from”,"to”)

for(i in l:nrow(temp.ts))

ifi == 1) result <- t(data.frame(scorevec(temp.ts[i,],temp.ts)))
ifG > 1) result <- rbind(result, scorevec(temp.ts[i,],temp.ts))
}
rownames(result)[1] <- ""
##hit ratio
hr <- vector()
for(i in I'nrow(result))

{

z <- colnames(temp.ts)[temp.ts[i,] == 1]

x <- colnames(temp.ts)[sort(resultli,], decreasing=T,index.return=T)[[2]]]1[1:10]

hrli] <- sum(x %in% 2z)

mean (hr)

###elastic net model####
fit=list()
beta=list()
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xbeta=list()

score=matrix(0,nrow=2951,ncol=150)

for(i in 1:150)

{
x.data <- temp.tr[,-i]
y.data <- temp.tr[,i]

fit[[i]] <- glmnet(x.data,y.data,family="binomial” lambda = 0.2,alpha=0.01)

betal[il]=coef(fit[[i]])
x.ts = temp.ts[,-i]

x = cbind(1,x.ts)
xbetal[i]]=x%*%betal[i]]

scorel,i]= as.vector(exp(xbetal[i]])/(1+exp(xbetallill)))

}
betal[1]]

##hit ratio
enet.hr <- vector()
for(i in l:nrow(temp.ts)){

z <- colnames(temp.ts)[temp.ts[i,] == 1]

x <~ colnames(temp.ts)[sort(scoreli,], decreasing=T,index.return=T)[[2]]1][1:10]

enet.hr(i] <-sum(x %in% z)

}
#itfapriori A -8-(item - )###
#itftest data itemit SH###

n=ncol(temp.ts)

ab <- which((apply(temp, 2, sum)
decreasing=T)[1:50]) == "TRUE")##’¢< 5071

n.tr<- c(l:n)[-abl#}™ = 1007}

tritem = sample(n.tr, size=50,replace=F)
ab <- c(ab, tr.item)

ab <- sort(ab)

temp.ts.tr = temp.ts[,ab]
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temp.ts.ts = temp.ts[,—ab]

for(i in l:nrow(temp.ts.ts))

ifi == 1) result.l] <- t(data.frame(scorevec.l(temp.ts.trli,], temp.ts.tsli,])))

ifG > 1) result.l] <- rbind(result.1, scorevec.1(temp.ts.tr[i,], temp.ts.ts[i,]))

}

rownames(result.1)[1] <- "

##hit ratio

hr.l1 <- vector()

for(i in I'nrow(result.1))

{
z <- colnames(temp.ts.ts)[temp.ts.ts[i,] == 1]
X <-

index.return=T)[[2]]][1:5]

hr.1[i] <- sum(x %in% z)

colnames(temp.ts.ts)[sort(result.1[i,],

#i#felastic net model(itemat & )####
temp.tr.tr = temp.tr[,abl]
temp.tr.ts = temp.tr[,~ab]
temp.ts.tr = temp.ts[,ab]
temp.ts.ts = temp.ts[,—ab]

fit. 1=list()
beta.l=list()
xbeta.l=list()

score.l=matrix(0,nrow=2951,ncol=50)

for(i in 1:50)
{
x.data.l <- temp.tr.tr

y.data.l <- temp.tr.ts[,i]
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fit.1[[i]] <- glmnet(x.data.l,y.data.1,family="binomial”,lambda = 0.2,alpha=0.01)

beta.1[[i]l=coef(fit.1[[i]])

x.ts.l1 = temp.ts.tr
x.1 = chind(1,x.ts.1)
xbeta. 1[[i]]=x.1%*%beta.1[[i]]

score.1[,i]= as.vector(exp(xbeta.l[[i]])/(1+exp(xbeta.1[[il])))

##hit ratio
enet.hr.l <- vector()
for(i in l:nrow(temp.ts.ts)){
7z <- colnames(temp.ts.ts)[temp.ts.ts[i,] == 1]
X <-
decreasing=T index.return=T)[[2]1][1:5]

enet.hr.1[i] <-sum(x %in% 2z)

simul.hr[k] <- mean(hr)
simul.enet.hr[k] <- mean(enet.hr)
simul.hr.1[k] <- mean(hr.1)

simul.enet.hr.1[k] <- mean(enet.hr.1)
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