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Abstract

The technological development in the era of the 4th industrial revolution is changing the paradigm
of various industries. Various technologies such as big data, cloud, artificial intelligence, virtual
reality, and the Internet of Things are used, creating synergy effects with existing industries, creating
radical development and value creation. Among them, the logistics sector has been greatly influenced
by quantitative data from the past and has been continuously accumulating and managing data, so
it is highly likely to be linked with big data analysis and has a high utilization effect. The modern
advanced technology has developed together with the data mining technology to discover hidden
patterns and new correlations in such big data, and through this, meaningful results are being derived.
Therefore, data mining occupies an important part in big data analysis, and this study tried to analyze
data mining techniques that can contribute to the logistics field and common logistics using these
data mining technologies.

Therefore, by using the AHP technique, it was attempted to derive priorities for each type of efficient
data mining for logisticalization, and R program and R Studio were used as tools to analyze this.
Criteria of AHP method set association analysis, cluster analysis, decision tree method, artificial
neural network method, web mining, and opinion mining. For the alternatives, common transport and
delivery, common logistics center, common logistics information system, and common logistics
partnership were set as factors.
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I. M2

424 ¥ Aldigta B EE Al AL
T 2978, AT, Yo i Y
Hlo]H (Big Data), E&H+=(Cloud), 2AFA%
(AD, 7EA(VR), AFEJIEYI0T) 59 7]
zo] FET Zlo g 7= 9}, 43f 4H4Y
Holgh= §0]%& 20161 d 2=9]2ollA d¥ i
2 ¥ (Davos Forum)o|A ZA] Fo|ddd
e+~ F(Klaus Schwab, Germeny)©]
Industry 4.00] A AA AAE NEA t=e
o] & Folgfal AF3IHA o|7rsElt, 4
2 AdEEe] F8 e FelAl ddolE
Me ke AR 594 A & F5S
3 o, AFAF TAH A 1 g+
F7F & AR Qi

dojgE ERF - 8RN s B 3
s v Aoz AAA, st &8 Tt
go] AAEIL e}, o]n| 7]Ee] EF Fofd
AE W HEAI=H ] S /o] FxEo]
7] W o]t vlulolEele] A=
449 B2 7oA AL g}, vldlolH
A3 &8-S 93 AFEA Lee(2016)= M

gl Ajet dS AHP WAS 5
3 gAstlom, vholy &8 FokE Alx
AMH|Z2EE BokR TR IS uf Au|2 ok
FolA EF #oky vluloly &8o] 7P A
33l Ao w HrlEdrHlee Sang-Won, Kim
Sung-Hyun, 2016), Kim(2017)-& &7 H-ofo
~] DHL ¥ 4% 7|dE2] vldoly &4 Al
B ulRe R 299 384, aAAEE, WA
2dg gRlo g 3= 7k S AAEATh
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olX g A= FRNA BllolE B4&
gg3l7] fAgt Al A7 A o] Fo)A]
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Park, Jung, Kwon(2019)& 2|8 SCM A<
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8438 Ax3den, o5 scMe] AR ARk

fol A M
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Fig. 1. Association Rule Mining graph sample
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Fig. 2. Cluster Analytic graph sample
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Fig. 3. Decision Tree graph sample
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Fig. 4. Artificial Neural Network Architecture
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Fig. 5. Web Mining Architecture sample
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Fig. 6. Process Model for Opinion Mining
sample

Selection of web-
blog | "
Relevant data 4 forum site
>,

Selection of relevant methods —
and tools ta analyze the data

Pre-processing and pre-structuring [ww T
aftha content on basis of the If=i,l‘
<hosen methods LUl

Transformation of the text in -
standardized and further [
processed structura oD
Analyzingthe content in relation I/ }
ta st semantic arientation \\J

1

Evaluating the used B ex eketerd
svaliation| Methods and tools

source : Petz, Gerald, et al. (2012)

- J _J _J _J

I, SRl M7
1. AHP i

£ A7 AHP 2AMHS &83tlon,
AlZ3} 2434 (Analytic Hierarchy Process,
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Fig. 7. Alternative decision making model
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Table 1. Pairwise comparison Scale for AHP

Scale Degree of preference

1 Equal Importance

3 Moderate importance of one
factor over another

5 Strong or essential importance

7 Very strong or demonstrated
importance

9 Extreme importance

2,46,8 Values for inverse comparison
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Table 2. Analytic Hierarchy Criteria and Alternatives

factor

description

Association Rule Mining

Cluster Analytics
group

Decision Tree

discovering interesting relations between variables in large databases

grouping a set of objects in such a way that objects in the same

decision support tool and their possible consequences, including

chance event outcomes, resource costs, and utility

Artificial Neural Network

Web Mining Web

Opinion Mining

Transport Cooperation

Distribution Center
Cooperation

Logistics Information
System Cooperation activities
Logistics Partnership
Cooperation

computing systems inspired by the biological neural networks that
constitute animal brains.

data mining techniques to discover patterns from the World Wide

use of natural language processing, text analysis, computational
linguistics, and biometrics

Sharing equipment or vehicles for transportation between businesses

A form of joint use of storage facilities such as warehouses and
distribution centers

Joint use of a system that processes cargo information in logistics

Logistics companies form cooperative relationships to share logistics
services and infrastructure

AR, B7E71Ed gigkEel digk 713
(Weighed values)& 2F&3at7] flaiA=
H] 2 8) H(Pairwise comparison Matrix)& g 2]
3le] A3 (Normalization)dlx 3} P&
o 7} o] Ftg ek 7 | Hito] 7}
Ao, 7Rl o] g 1o] Ho

U, A& (Consistency) H7H= 2AEA
A7} g gl ae] =23l Baes 574
sh= Ao et Aol obA R ETt A

T HEHoz d4d fEe HaS AEd

2+ d#BA AF (Consistency Index,
CDE AFett CIE 2H&sh7] 9k 22 of
o Zow, o7|A nd HluHE FEo| FE
o) ghe},
Amax — T

—1

3 - d#A H]E (Consistency Ratio
CR)& AlRtett}, CRE AFE3H7] 918k 212 of
g} Zo] o] TAA AFEe CIE YolA
Z*(Random Index, RD)ZE o] AA3It}E RI
29 AEY AES St A A
2 Rl WjEZ XA gRlo o sfdale= #
S ki

cl

CR= FI
Ao 2 oALAAAL gt e
7A@ A7 §le B9 AFdke 7t

CI=

o Mt rir
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Fig. 8. Big Data Mining
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Table 2. Analytic Hierarchy Criteria and Alternatives

factor

description

Association Rule Mining

Cluster Analytics
Decision Tree

Artificial Neural Network
Web Mining

Opinion Mining

Transport Cooperation

Distribution Center
Cooperation

Logistics Information
System Cooperation

Logistics Partnership

discovering interesting relations between variables in large databases

grouping a set of objects in such a way that objects in the same
group

decision support tool and their possible consequences, including
chance event outcomes, resource costs, and utility

computing systems inspired by the biological neural networks that
constitute animal brains.

data mining techniques to discover patterns from the World Wide
Web

use of natural language processing, text analysis, computational
linguistics, and biometrics

Sharing equipment or vehicles for transportation between businesses

A form of joint use of storage facilities such as warehouses and
distribution centers

Joint use of a system that processes cargo information in logistics
activities
Logistics companies form cooperative relationships to share logistics

Cooperation services and infrastructure
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Table 3. R functions for AHP analysis

FHez 73

function name

description

f_num() function
f_pw_matix() function
f_n_matix function
f_ave function
f_priority function
f_consistency function

f_geometric.mean function
f_consistency_list function
f_compatability_list  function

_ahp_main function

that makes the data value into fractions

that builds pairwise comparison matrix from data
to perform normalization of a matrix

for calculating weighed values

to perform normalization of a matrix and to calculate weighed values

for calculating a consistency ratio

that makes data geometric

that produces a consistency ratio list
that produces a compatability index list

to build pairwise comparison matrix, to perform normalization of

the matrix and to calculate weighed values for all data

Table 4. CR(Consistency Ratio; CR)

dv P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12

1 0.179 0.083 0.097 0.174 0.083 0.086 0.087 0.142 0.076 0.189 0.089 0.109
2 0188 0.047 0.142 0.000 0.047 0.190 0.082 0.089 0108 0.128 0.047 0.133
3 0117 0.097 0.9 0105 0.146 0.092 0.9 0.102 0119 0115 0.101 0.097
4 0117 0001 0121 0026 0.000 0.170 0.087 0.066 0.067 0.126 0.012 0.127
5 0162 0074 0.8 0064 0.000 0.120 0.053 0.083 0073 0.075 0.064 0.174
6 0051 008 0127 0147 0.102 0.030 0.051 0.107 0.051 0.091 0.070 0.121
7 0053 0076 0133 0120 0.159 0.073 0.053 0.092 0131 0.066 0.096 0.084
Al gshs B&AS dlolE whold(AHAAA & skQich. B/ EoF w47, MIS B AN AT
A, T3 B, AU, deal g, vt 2k 37, ¥loly H&Evt 5 ez A
o, 95UIel vhold)e] SHEIE BAS  2AF @ AIAS AHP PO wolsks
7] $lste] HrP 1S Hloly wholdo g Ad7g o EAETEE Yol EAo] golatal
skl ke dlolH ‘:‘}O]‘?}% 7§ke g2 QELAE £9HIL e R4 41.1D)5 &
e 7hsd =ReEst F3(Gulsssst, £3tHon, 24 42 R Studiog ©]83+S5]
A 53], %‘ﬁ‘%lﬁ—/\])\% 5538, B o 2 dAFelMe AHP 2415 SS 78 Tls
SEUY FEHE ARSSel TAEE 45 S0l theke] Tuble 3.9 e AR R B
3 4 JEE A5 Table 2. TL_‘— e (Yoon, Cheol-Ho, Choi, Kwang-Don, 2019)&

oA 2eE 29 Hel2 Aeleiln
8. o2 /MHes ﬂz}omu}.
B2} FlEe vole vl AMew 24

Figure & AREENY R OEEY
APPENDIX Aol H5-3}4r},
obefe] AHgA}F R HES AHP

AFHE2

242 93

WE HHolE) o} % BF Rol AR 12 o] Rebl(abp_functions, )= A3} 2141g
wHe giare 2 2021d 99 & o 7h /\45—7<]§— ¥ Directorye]] H#3}ct, R 7| 2F 7]
FHson, i e 27 gAY u SR B list Ad71%e A
9 U PG AFhel AFHOE 4
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#AHP #4A] &&= R #7714 XA
install, packages(“psych”) #7|&} 53t
install, packages(“rlist”) #listz+A 7]

A& 9Jste] A== CsVItd(ahp_mining
data.csv)2 AYgsto] 2dd el Hashgle
™ RE ARE EelE0l7] H8) ofefo] HHol
£ APt

source(“ahp_functions.R) #AHPEFF

ahp_data{-read.csv(“ahp_mining_data.csv”
, header = T) #A}5 RE 22X

ahp_data #2851 7]

B Ao mde grirlo] 67fola 1 st
9] tigte] Z+ Zk N o2 T E AFTE
7FA AL Qlom Auiu|al = Hrb el of
e nEe) 15702} tietell thgk o] aE-at
36702 F 5N SHEFER A

-

=
=

3
i

sPNE 2 ek 2R
hs = C(6747454745474)

AHP BH e Asie] HEAE 5] 95
=
=

o SEAE AR B} ololAel vl
&= f_consistency_list)E o|-&3}e] g3},

#3EAE 4B v A=
consistency_list{-f_consistency_list(ahp_data, hs)
consistency_list

e wE2 0.1 ofsprt AFHARE 0.2
ojstd Bl 38 & e FA=E Ht
shlct. & Agrelld SHEA 1299 ddAd H|
& (CR)Z Table 4.9} 2T}, CRO] 0.2 o)==
Fus 2= AF AT ARE EH A

Aelafor = oS A7k WH ol ofeiot 2t

- And 24 9o gEs

consistency_fails (-subset(consistency_list,
CR 10.2)

# ATA mH] A g}

fails_id=as, vector(unique(consistency_fails
$p_man))

cr_data=ahp_data

for(i in 1:length(fails_id)) {

cr_data=subset(cr_data,id !=fails_id[il)
}

cr_data

ol
2
v
)
2
ggl
oft
)
&

A#A 2 87 AF HrkeE BHs A
ol si_dataZs 7[R SFAE 7}5H A&
Z=9] f ahp_main()& ©]&3}4] At&3io),

o

# THAR A A=
ave_main{-f_ahp_main(si_data, hs)
ave_main$ave_list

Fig. 9. Weighed Values

= ave_mainfave_list

class options ave
1 1 1 0.36128571
2 1 2 0.12030507
3 1 3 0.08660247
4 1 4 0.10380312
5 1 5 0.23773490
6 1 6 0.09021872
7 2 1 0.18826881
g 2 2 0.15143797
9 2 3 0.44806599
10 2 4 0.21222723
11 3 1 0.14452642
12 3 2 0.40538106
13 3 3 0.27975012
14 3 4 0.17034239
15 4 1 0.09544548
16 4 2 0.10327132
17 4 3 0.471995340
18 4 4 0.32928780
13 5 1 0.11291613
20 5 2 0.14213115
21 5 3 0.49539308
22 5 4 0.24953%64
23 6 1 0.15387962
24 6 2 0.21682634
25 6 3 0.45816488
26 6 4 0.17112916
27 7 1 0.42067546
28 7 2 0.16250210
29 7 3 0.28959291
30 7 4 0.12722953
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Fig. 10. Criteria Weighed Values

> ave_main$ahp_list
fclass
[1] 1
Em

[,1] [,2] [,3] [.4] [,5] [,6]
[1,] 1.0000000 3.9017080 4.545463 3.0613823 1.1477228 4.9660971
[2,] 0.2562980 1.0000000 1.462865 1.0455885 0.4054801 2.3458926
[3,] 0.2199996 0.6835899 1.000000 0.8491907 0.4277147 1.0626586
[4,] 0.3266498 0.9563992 1.177592 1.0000000 0.5867760 0.6135262
[5,] 0.8712906 2.4662121 2.338007 1.7042279 1.0000000 2.8172691
[6,] 0.2013654 0.4262770 0.941036 1.6299222 0.3349537 1.0000000
gnm

[,1] [.2] [,3] [,4] [,5] [,6]
[1,] 0.34775310 0.41357123 0.39646554 0.32952417 0.2925888 0.38781141
[2,] 0.08912843 0.10599748 0.12759442 0.11254612 0.103369%0 0.18319495
[3,] 0.07650555 0.07245881 0.08722226 0.09140605 0.10390373 0.08298491
[4,] 0.11359349 0.10137591 0.10271222 0.10763902 0.1495867 0.04791136
[5,] 0.30299400 0.26141228 0.20392626 0.18344142 0.2549239 0.22000558
[6,] 0.07002543 0.04518429 0.08207929 0.17544322 0.0904883 0.07809179
Save
[1] 0.36128571 0.12030507 0.08660247 0.10380312 0.2377843%0 0.09021872
Snm_ave

ave rank

[1,] 0.34775310 0.41357123 0.39646554 0.32952417 0.2925888 0.38781141 0.36128571 1
[2,] 0.08912843 0.10599748 0.12759442 0.11254612 0.10336920 0.18319495 0.12030507 3
[3,] 0.07650355 0.07245881 0.08722226 0.09140605 0.1090373 0.08298491 0.08660247 4]
[4,] 0.11359349 0.10137591 0.10271222 0.10763902 0.1495867 0.04791136 0.10380312 4
[5,] 0.30299400 0.26141228 0.20392626 0.18344142 0.2549299 0.22000558 0.23778430 2
[6,] 0.07002543 0.04518429 0.08207929 0.17544322 0.0904883 0.07809179 0.09021872 5

AR A 28

e

=1}
=

6Ad4444 B Zr]oT),

A

¢] Figure 9.9] FEL
ek A =4

Z e 7l

Figure 10,2 = ¢5L9]

AE ATE WIE 1A QUTH 240
SARE 7P L RS BRI 4 9t 2

B7171%0) 715

23 ﬁbmﬁ%ol ATAA B, B B4,
AU, 1B, Artold, 251U

ol o] *o}EHZq TFeA(EE TRE) #EC]
Ay A iR 2 JrElE d9olM 85

gt EFTES AR AECECEIETEs B
AH5&3t, BRI 253, =F JE
Ui &&3he] dA Al wEolth

o FEE VA kel 288 35
Aivlal P, st P, 7kA] HES of
ol 2o gPo] FYPor AT

# A PR

s

P st FEIrEA)

ave_main$ahp_list

915 v dole] voly 7ol )
olge] SA 917k wgrom 3
0w PRl ot QTS

R

390 24

(¢} )
©u]Uel o]y, SR 205 Bl
212 Bhelgt 4= Qe (149): vk 24,
2491 % vlold, 349) B4 BA, 491
A, 59k U o], 629



76 F9ssiA] A46d ASE (20219 109)

= g HF 7IeAE S

aves=ave_main$ave_list$ave

option_list = NULL

for(i in 1:4) {

wv = aves[l] * aves[i+6] + aves[2] *
aves[i+10] + aves[3] * aves[i+14] + aves[4] *
aves|i+18] + aves[S] * aves[i+22] + aves[6] *
avesli+20]

option_list=rbind(option_list,
data, frame(option=i, weighed_values=wv))

}

option_list

Figue 1.2 2 @7e] 4% 7153 4E 2
A2 gk 39_SRARA D TEET 714
e 538 BT ok w2 dole o
4E BERA BREESE Ak A1

ERAEAEE EEt 7P 94 Al HY,

Fig. 11. Final Weights

= option_list
option weighed_values

1 1 0.1799360
2 2 0.1933977
3 3 0.4229059
4 4 0.2037603
=
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APPENDIX A

+ vlol8 g #5E #5

f num<{- function(v) {
fv==c(

for(i in 1:length(v)){
if (vlil » 0)

f v = append(f_v, vlil)
else

f v = append(f_v, 1/v[i] * -1)

f pw_matrix{- function(v, cnt) {

v = f_num(v) # dlo]g] g 53+

rv = 1/v# 3 3 F7}
m = diag(1l, cnt, cnt)

idx =1
for(i in 1:cnt) {
=i+l

while(j (= cnt) {
mli, jl = vlidx]
idx = idx +1

j =+l }

}

idx =1

for(i in 1:cnt) f
=1+

while(j (= cnt) {
mfj, il = r_vlidx]
idx = idx +1

j =+l }

f n matrix{- function(m) {
nm = t(t(m)/colSums(m))

nm

f ave (- function(nm) {
ave = apply(nm, 1, mean)

ave

#» Astdd 9 Sex e

e

o~
T

f_priority (- function(nm) {
ave = apply(nm, 1, mean)
rank = rank(-ave)

nm_ave = cbind(nm,ave, rank)

nm_ave

f_consistency (- function(m, cnt) {

nm {- f n matrix(m)

ave (- f_ave(nm)

# RI

VRI = ¢(0.00, 0.00, 0.58, 0.9, 1.12, 1.24, 1.32,
1.41, 1,46, 1.49)

# Pt} max AHE

lambda_max = mean((m %*% ave)/ave)
#CI, CR A&

Cl = (lambda_max - cnt)/(cnt-1)

CR =CI/vRI[cnt]

consistency =
data. frame(lambda_max=lambda_max,

CI=CI, CR=CR)

consistency

TR ek
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f_geometric.mean (- function(data) {
library(psych)

data = apply(data, 2, f num) # 53+

if (nrow(data) < 2)

vars = data

if (nrow(data) ) 1)

vars = geometric.mean(data) else #7]3} 41
o

vars = data

vars

}

H

# FHAE dHd AF A=
H e

f_consistency_list {- function(data, hs) {
p_man = data$id # H7}z} AA ROW_ID
consistency_list = NULL

for(p_id in 1:length(p_man)) {

p_man_id = p_man[p_id]

vars = as,numeric(subset(data, id==p_man_id
)) #Ho]E] Fk

vars = vars[-1]

idv =1

to =0

for(idv in 1:length(hs)) {

cnt = hslidv] # 3&

v_count = hslidvl*(hs[idv]-1)/2 # S X|E
from = to +1

to = v_count + from — 1

v = vars[c(from:to)]

m (- f_pw_matrix(v, cnt) # Ztjn]|nrsy =
consistency (- f_consistency(m, cnt) # L3
4 &

s

consistency_list (- rbind(consistency_list,
data, frame(p_man=p_man[p_id], idv,
CR=round(consistency$CR,3)))

}

}

consistency_list

» SEAE e7bs A5 AE

f compatability_list (- function(data, hs) {
geo_data{- {_geometric.mean(datal-1]) # 7|3}
HydlolH

p_man = data$id # H7}A} AA|

ROW_ID

s_index_list = NULL

for(p_id in 1:length(p_man)) {

p_man_id = p_man[p_id]

vars = as,numeric(subset(data, id==p_man_id
))

# HloJ¥ Fk

vars = vars|-1]

F e
idv =1
to =0

for(idv in 1:length(hs)) {

cent = hslidv] # 3FE

v_count = hs[idv]*(hslidv]-1)/2 # SRR EF
from = to +1

to = v_count + from — 1

v = varslc(from:to)]

geo = geo_datalc(from:to)]

sm (- f_pw_matrix(geo, cnt) #7|F3F &
m (- f_pw_matrix(v, cnt) #?tin| s
tm = t(m) #¥u| 3P H

cm = sm * tm

# f87Fs A3 E

c_sum = apply(cm, 1, sum)

# A A& (1irow, 2:icol)

s_index = sum(c_sum)/(nrow(m)*ncol(m))
+ Ulg7ks A5

s_index_list = rbind(s_index_list,
data.frame(p_man=p_man[p_id], idv=idv,
s_index=s_index))

}

}

s_index_list

# 2 vl FEgqtst s aE A

T A=
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library(rlist)

f ahp_main (- function(data, hs) {

vars (- {_geometric. mean(datal-1]) # 7|3} 5
tleolH

ave_list = NULL

ahp_list = list()

for(idv in 1:length(hs)) {

cnt = hslidv] # &4

v_count = hslidvl*(hslidv]-1)/2 # S X E
from = to +1

to = v_count + from - 1

v = vars[c(from:to)]

m (- f_pw_matrix(v, cnt) # 2Ztjju|nsy =

nm (- f n_matrix(m) # Z3P A

ave (- f ave(nm) # FTFA=

ave_list = rbind(ave_list,
data. frame(class=idv,

options=c(1:cnt), ave=ave))

nm_ave (- f_priority(nm) # AH7g 37}
ahp_list  (-list.append(ahp_list, class=idv,
m=m,

nm=nm, ave=ave, nm_ave=nm_ave)

}

ave_list (- list(ave_list=ave_list,
ahp_list=ahp_list)

}



