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3.2.3 A E WE wAl(support vector machines)”] ¥
MEE WE Hale FoAd AEF aF v 2F w5 (classification) T3 &
Zrol| = 71 ] vt gl El el Al (pattern recognition) EoFoll A Al ¢tE &g
O 2 1995 e AJote] kAt SetH w2 n2 Y (Valdimir N. Vapnik, 1936)°]
of

F 2% A4 FoplA 1 4L ARES Wel NANE
AA BFE AW EAQ SuelFol Atk 7 AFo] 54 Foshs N

“e

2 3dEga & u AMEES N A dvo]H F7Hdata space)ol| #3E
ot AXE WE wle] AL N 299 dHolg It AEF I1FE

= # A9 #3 XH(optimal decision boundary)S ZrolulE A olt}

o
-
Sh
:oé
=

A #H BX(linear discriminant analysis)= 2138 #3 X(linear decision
boundary)& ZrolFA vt MZE #E WAL Ad 55 DA A st i=rfol
ute} A8 = v AE E8 A (nonlinear decision boundary)g 7FZ T}

o8 &iteld AE 25S 788 F e Z=HW(hyperplane)®] 7H4] &
el gt olwl 2] o5 FEE A T 2EHEd M ke A =23
7 Abelo] AglE whxl(margin) of@hal Ao, = wvith s wixlE 7t
AA ek dE Bl (29 3-7) 3 o] 2709 AFoE oA d& W, =
WAL A2 B R OES TEeE 2% Ao® Abgo] Jhsstth Al9] v
2 all® al2 Atole] Aglolw, A29 mlxl2 a2l ¥ a22 Alele] Ag7p Hrh

AEE WY Wae] Agat HAe BE Ao 4L 2AWE F Aol n

Ag AAE zHwon, oo d 2HWUS Ad-v 2 Wolg FTw),

260 [dlo] x| AMy] ¥ E ME WAl [support vector machine] (A 3}st u})
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7+ 1LY

A E #E Al (support vector machine, SVM) ¢ #+F A& =7} SVC

S
Z{gdol| 2t ct2ct, of2f (E 3-1) SVC AHE 2ol gk wi-&olt.

e A4 7499 |stepiy |49
AZE #l F5F
A3 15| ;
71 linear C 19 2 X
C
5 degree A7 7 kA W gksio] 2
-60]—/0 Ad ’
e A poly coef0 ex) o1 A g
gamma
C ARF A5AA Adkere] g
7. 5]
RBE 71 b gamma ex) olu]#] A g
J S DV b AQe Aot Waksre] 34
| 1R ol= AY | sigmoid ((:;)Eelfgma) ex) ol 4] Az

(E 3-1) SVC HE (kernel trick) EEZ

(3] https://blog.naver.com/taewwon/221598401726 A A & & o))




Work to do?

Yes No
Stay in Outlook?
Rainy
Sunny Over-
cast
Go to beach? Go running Friends busy?
Yes
No
Stay in Go to movies

(719 3-10] 274 Eg o2

3.2.5 XGBoost (extreme gradient boosting) 7]

XGBoost= A8 Edolu Eg 7gk mdo|re] A3} TAE s|As L, 1f
27 2 deoly Al MFAH FH SEE FAA7IV] g HH S22 Tiandgi
Chen¥} Carlos Guestrin ©] ZA7fgh Wo|g), 7|2 oz Hagolgts 7S
AREgtt oy T okgt BRVIE FolA BEEE o Sske 7ol

obef [2¥ 3-11] 2 dut Eg] £Xolt}. Faete] o o= Hee= 22 HEh

M [elw Aqus] A4 Ee
) 3}#]2(2017). RandomForest?t XGBoostE &8¢ W9 7lelne] % ©@a A4 2%

H 1L p5

S
=i



H =

got ] o F My - 12 yepdo (29 3-12] 9] XGBoost wH{71=

dole] BAE dxiolol7h 6E A4t 292 vEow FojwA o 4

-1.9%2 vEuA o A 2752 ¢ Aok

Input: age, gender, occupation, ... Does the person like computer games

“ +0.9 8

f @ )=2409=29  f & )=1-09=-19

Prediction of is sum of scores predicted by each of the tree

(18] 3-12] XGBoost #7712 H|0[E] 24



3.26 4L Stacking 7)™

off

b

o
E

ot

G/d8 Stacking 71 HaEtA A e Ak dlolEl g oA

SggalA oF AdE BoF= WA ot Stacking 71WM S (1% 3-13] % 2

d

14
e

training data svm classifiter

training data » KNeighborsClassifier

y

training data

XGBoost Classifier L |classifiter

training data » DecisionTreeClassifier

training data LogisticRegression

A

(12! 3-13] Stacking 7|8 SET

3.3 Algld 23 Ms o 4y

Haley 2d HrF e o <3E3-2>¢F o] &5 3 H(confusion matrix)

3} 7] A gk(expected value)S o] &34 Rd-S H7)sio),

o

Positive %A Negative <4
Positive ¢l TP(true positive 1 %A) FP(false positive 9 %43)
Negative o4 & FN(false negative &%) TN(true negative 2&4)

(# 3-2) oitlgd 4ot =sdE
Precision( 4 =)= TP/(TP+FP)
Recall=TP/(TP+FN)
Accuracy(#H & 5)=(TP+TN)/(TP+FP+FN+TN)29



3.4 X A2 M A7

341 /N3 #dA] =2 A 2H

(2015, 9, &4k, FA, FHE ) 22 7]dke] sjelslE o3 =3
Az"le] Fdo A AFE el 1 A g, dolah P UE, o FE] Ao
A LS -3 To) AMzr 5= dugZon BAMgA BRAZS =3
th ool [2¥ 3-14] 9F o] 30

o oA =EEA

L o bl
Ho| A8 W& | AsE FF dags
o F g Aol A
3 2EEA
A W&
[O& 3-14] 7HQIst =X A|AE

29) A1 9-(2019). ToTANZS 283 ®A QY (SVM)7] 8 AA7F SE 244 2 A 26 pp 23-24,
30 (2015, HHR, $70F, GAE, AHE ) eERA s)we] Ak ofs F Al 2E




342 Bl o HE o] &g BFA FH AlxH

olAE Ed (2020) oWIES FuEE Fw BAA A% F=H Q= st
Aol = S #3-gAF LOD(Linked Open Data), Y1713 t]o}, ojALd Sl
Abgetel f1A e WES BT adsiA wEA e AWugs BwAES dAAE

o] ki BeE Fol 4 BAel dws FEZ AdE AN 5 A
%

King Sejong The Great History Museum

it is decorated with various sights and fun activities te help yeu understand King Sejong,
King Hyojong, and King Tombs of Josecn

Extract nouns
L 4

King Sejong. King Hyojong, King Tombs of Joseon

i
i
1 q
I-------------------------‘- mw sﬂam wlk" 1a P’g* Llnk‘

Joseon, T F | Taejong, Queen Wonkyung,

Hangeul, kKing Socheon, Jang Yeong-sil, Chaol
Haesan, ..

lang Yeong-sil Sclence Museum

The expenences of Jang Yeong-sil, the great ancestor who developed science} and
technolegy in the Joseon Dynasty can be seen through experience. As an expgnential
educational play space where past and present science and technology coexift

Extract nouns

T
I loseon, Science, technology. Jang Yeong-sil
£ ]

R O ——

Lecation-based Centent-based Leeation - Content
Tamb of King Sejong (Yeoju) lang Yeong-sil Tomb of King Sejeng (Yeoju)
Yeoju Museumn (Yeoju) Scienfimtgmm Hangeul Museum (Seoul)
Silleuksa Temple (Yeoju) Hangeul Museurn Jang Yeong-sil Sclence Museum (Asan)

(Seoul) Yeoju Museum (Yeoju)

Sllleuksa Temple (Yeaju)

(32| 3-15] HlClolg] 7|ek A

u
=)

3D okd lEd (2020). o|MES #dd FH AFA AF 3 dnF AL AT



F718, 58, £A4 420200 MBTI®F Big Five 2dlo] A3 AAF3d w

S|
2 EFYE o] &3 #3A Fxol w3k AgelA MBIT + Big Fives €83

I3 THALR 408
MBTI +BIG AVE | d4ne
H288H0/el | 4
ea—
A3 EY
2| E5 Y -

L
1
v

o[ B Yo 3F TN AN

(2 3-16] Construction of a tourism recommendation system using a

hybrid web app-based topic map32)
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r
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S
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%
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325718, &9, £4141(2020) MBTIS Big Five 2dd] 278 423
Aol 3 A7
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pi_sex

pi_age

pi_monthly_income

know

other

why

purpose

who

why_fit

schedule

transportation

times

food

natural

experience

museum

theme_park

show

sea

goods

day_trip

satisfaction

think

chinese_satisfaction
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0.071
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ABSTRACT

Machine learning—-based tourist attraction recommendation reflecting the
behavior of individual Chinese tourists

QIN JUNJIE
Department of Computer Engineering

The Graduate School of Jeju National University

Jeju Island is regarded as a very attractive place for Chinese tourists.
Among all the foreign tourists visited Jeju Island in the past few years,
China ranks first. Due to the diplomatic conflicts between China and Korea,
Chinese government banned the group tourism heading to Korea. As a result
of this, Chinese tourists visiting Jeju Island have mainly become individual
tourists rather than group tourists so far. Most of the individual tourists
utilize the websites or applications to search the information on tourist
attractions, food information, shopping information, etc. Before travel, tourists
usually choose their favorite scenic spots and plan their schedule. Therefore,
a suitable recommendation system is helpful to select tourist attractions. The
proper recommendation system of tourist attractions leaves a good memory
for tourists and improves the intention of revisiting. However, the wrong
recommendation system will not only causes a waste of money and time but
also leads to terrible travel memories. Therefore, if the Jeju tour is

undervalued, the visiting intention will naturally decrease as well as the



revisit to Jeju. So, it is meaningful to study the tourist attractions
recommendation system which is suitable for tourists’ preferences.

The existing recommendation systems have two main methods, a
collaborative filtering approach that models and measures the similarity of an
item or user, and recommends content-based filtering by analyzing the
content itself filtering approach.

When recommending tourist destinations, preferred tourist destinations
varies according to various attributes and types such as gender, age group,
monthly income, the route to contact Jeju Island tour, the purpose of visit,
travel companion, and a number of visits to Jeju. Factors related to visits are
created through data analysis to make more suitable tourist attractions.

Therefore, in this study, a preference prediction model is created using a
machine learning algorithm based on the attributes and forms of tourists who
have already visited Jeju, and the satisfaction evaluation for tourist
destinations, and through this, a machine learning-based tourist destination
recommendation system is proposed.

In this paper, data obtained from individual Chinese tourists who visited
Jeju Island, and by analyzing the data, a logistic regression model, a decision
tree model, and K-nearest neighbors. Model, support vector machine (SVM)
model and XGBoost classifier were used to experiment. As a result of the
experiment, the tourist site recommendation using the XGBoost -classifier
showed an average accuracy of 83.59%, showing better performance than

other models.
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