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42 2022 FIBA BAs ool 47|39 F47182 Bdl FoljA= 715 FolA F 7271 A71715019
o, ZF 20719 BFE B A7) S 2 ASZ stk JAs ool A7IHEe] s 2AE A
5171 98 KNN(K Nearest Neighbor), Decision Tree, Support Vector Machine(SVM), Logistic
Regression, Random Forest 5714 5% RES ALESIct o] Ao A5} HHS Ysto] EAZE
2 Python 3.10.1 HHE golBe|Ee}t & ARESINY, B2 dik= thadt 2o A, Z2dE o= 2o
A= SVM Edo] KNN, Decision Tree, Random Forest, Logistic Regression @Rt} A9 d& A&
S YERIT 86.67%9 d& A= 9 0.8682] F1 M52 Eth =4, Random Forest B 2@ o8
sto] 2022 FAET oMAoE A7IHE Y 59 ZHE ST d, Hlold AlEQ #E Tt SE5HA 9
&0 33K Overfitting) @Aol ATt o] A9 A+ ZIE EHE FF AH| 8 TVt o &2
Holg7t o] YL S =ol= Al #ERt 7S €9 4 Ao ARES. 283 5 AEsE o
AFE A7) YstoiA] wAHdET ofzt HeEda HE Ak 8% AR wHE = Hiot.
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1. 4= ¥ 20] ohel Ae AEt vt ket 53]

o] Ao] ARl A Hsl, Tt ut

2 ABlHoR 71 2 Woke AAAAEEAN 24 Aislofof 3 Bt offat R4t hgo] e
ANIRE 430 A9 o] sk Wi The T 9 st Sojmlet 7B Aluok SHEBE, 2020)

Th= HolthHFE, 2020). 278820122 ‘Ax= FIBA FAFsE oFA K Z71H3l= FIBA oFAlof
Hdjole] &8} A 9] AF-E Boto] 43 AiE 7t FH6ks =7t Y silEA], opARE Al &
g Aldol] A= 9 53} Fopolx 284 H]Hlo] T 77|19} o] ofAlo} 7] 7 HES

7tel= diglolot. 19609 mhdetelld g 13] ti3]
* IAIKRE 0=(snl743@hanyang.ac.kr) £ Aokt &< o) 2:9nkt ZhEEN0H, 2022
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| Ql=HAlol 7] & 30319 ti3lE ATk
GRS oA R 7] Higeld= 2 |, A A
7] 5ol Higt BAE @ol TS HHGuy, Foster,
Shang, & Wei, 2019: Haghighat, Rastegari,
Nourafza, Branch, & Esfahan, 2013). wehx] &
s oFARE 747] thsl= HlHlold £449] o4t
9] Hgo|tNguyen, Nguyen, Ma, & Hu,
2021; Cao, 2012; Jain & Kaur, 2017). A s
oA QK9] TlojEl= A= tRE TlofE £4 Tes
st Fouigt AARE & 4 U B9 ot
(Horvat & Job, 2020; Cai, Yu, Wu, Du, &
Zhou, 2019), Ak oPAREHS] AE dl&ske
g ARE 4 9t Lam, 2018; Horvat, Havas,
& Srpak, 2020; Dubbs, 2018; Song, Zou, & Shi,
2020; Li & Xu, 2021).

T Ax= Hopo| Ak 43} AAYPAIS] 7]
2l HlHlolEel QlEAls= E8sto] e Uoj
g dof| tsliA dl&staiat sk dA7F K=
UHHBE, o8, 2019). Ax= Feto] WA
ARz 7Y ApE A4Sk XA ¥, A
7] At M40 52 HstEol 1L BA A1 B
O = A&5h= Aox B2 3kRte] o] FFE
AcHH G, A58 2006). A5 A Lo
W dE 7Igto g SHEA]I Hiolu HIgE ARl W
ol oJsiA AtmE AsiAstar EAst] =E5E=
Az0] B/ gk Aooi ezt 2017). <t
HE AA=olAlE okl Al A719
= APH o7 FA51Y] Q3 EtiE vlAsks AV
7F Hof| wet ttt 544 24 e Soto] &
g dl&sh] gt oot FAE 23S A8
o o]21 JrKEIEH, AAlE, =AEA, 2010). o
9 7] 2IHS 1 B FE SX)E dSot
S8 AEA (multiple regression), ZA|AE
3| AEA(logistic regression) 52 SA% BES
Tgstal EAsk HRol tHA58, Hae &

i

8&, 2009 AR, AdE EAE, AR,
2008; FaA, FH, 53], 2015). olet A =
5] 3718 HASE 88 7] 2] A5 &
Ag & mAlEY &40 ol8E QUtKPrasetio
& Harli, 2016; Bunker & Susnjak, 2022).
HAled Tlofe e SEsto] AE T2
Ao o= AslE FIA7I= ATAS(ADY 5t
9 Ao R, Tttt HopollA doAor &EEI
2AcKNguyen et al., 2021). M4z oA Hlo]H
L od A AREsle] s 71 FAsish] 9
Slo AFEE ZEIHYske Yot Alpydin,
2010). HAlHgQ] Ei= vl EEE S0l
HolZ] o= Hlo[HE EFolAY, HolH AES] &

AR HgS Tk o 88T 4 = S5 B
FE /= Aot Cao, 2012). dlE E9 X,
15 ol A

2HF} Y5 T2 A EARE 5T = = A
E& o|tMaier, Meister, Trosch, & Wehrlin,
2018). A3zx= HopollA HAIHYY A HA A=
Purucker7t 1996 vl WA'EXZEZ]"1NFL) 7
7] ARE vAE k3o &5 o (Purucker,
1996), oI5 &3l B2 Algte] Al o] thet T4l
o] =opsthBunker & Susnjak, 2022). L 2 |
B 5 EopollA mAlEFe] &8o] B2 FES
R QoKL & Xu, 2021). MAlEY 23 TP~
gjzel Axzmiyxzt 47] 249E d&ohks |, A
FU "9 F7IgE #4491 52 HEkt Axx
g A%xE A5 ff =3-& FHHorvat et al,,
2020; Tichy, 2016). SAI? HAlHde] Ado=
2 Mot oS HYo| gsto] 71E9] B4 i
ok B FERt oS A AleE o Atk 2ol o
SR oM (Lopez & Matthews, 2015), B2 71
o] miledo] FAsto] s A7) AikE A3kl
QJthBunker & Thabtah, 2019).

2t o= MAled 5 Z¥52 ANN, Random
Forest, Decision tree, KNN, Bayesian method,
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Logistic regression, SVM, Fuzzy Methods §°] &
T 77] A3} d5o) A=A QUthHaghighatet al.,
2013). HAledS 83 A= FAIY, 8=,
uE, 73R1(2008)2 2006~2007A1& KBL 2|1
gl9] &/1] AFE Logistic regression®} Decision
trees 59| &3t Zimmermann, Moorthy &
Shi(2013)= NCAA 5 737101 diet 2 7] HAlE]
g S v WSt IF0IA neural network,
Decision trees, Rule learners (Ripper), Naive
Bayes, Random Forest X&o| ZFF|Qct
Thabtah, Zhang & Abdelhamid(20197= SVM,
Logistic regression, Naive Bayes, ANNS A5}
of NBA 77| Z¥E &3t 23} Logistic re-
gression Hgo| fsitt= A o= SRIEQIH: Lin,
Short & Sundaresan(2014)+= Logistic regression,
SVM, aDaboost, Random Forest, Gaussian Naive
BayesE AR&SIo] NBA 7719] SHiE diS3t At
Random Forest 30| 2<srtal A|ACE

2T FFFYGolA Tt A € HelEmRteld,
HAlHY 7HES s ERe JEy, A&
5< vlwst AFEe] EuEA Utk Torres &
Hu(2013)= Multilayer perceptron—back prop-

agation neural network, Linear Regression¥}
Maximum LikelihoodE A8t NBAS] 73712
HE ASSIPAL 7P 2 oIF AL 70%E Y
EPATh Cao(2012)= Logistic Regression, Naive
Bayes, SVM¥} Multilayer perceptron neural
network ®@2 AR8sto] NBA 7] 25 %55
A 7P L2 A HYEE 69.67%= UERLT
Kravanja(2013)2 SVM % Logistic Regression=
olgstol NBA 7715 &SIl 22t 70.01%,
69.73%9] A& HseE Bk Miljkovi¢, Gaji¢,
Kovacevi¢ & Konjovi¢(2010)2 Decision trees,
KNN, Naive Bayes?} SVM= ARg5lo] NCAA 7

7] BHE AISSIAAL 7HE 2 A5 e 67%

2022 FIBA HAsT OtAlRt Z7|20E 8% Hil2ld

2 vehgth Li, Wang & Li2021)& A7AHEC]
STIHoA F7] Aol tigt oS WS ofn]
Sl AL kRl 92 oS Feert Wt
Aog Adstytt. weby s+ 7] Ao o
o FE oS AgEs AFE 4 Sl dEE 2]
9t F7 Axt ge/del Qv A
(Haghighat et al., 2013; Horvat & Job, 2020).
APATFE FFohE o2 7ol HIste] KNN,
Decision Tree, Logistic Regression, SVM°] 5+
737 AIE dEcke AET 4 Sl HPoR EE-
F 4= U} sEARF KNN, Decision Tree, Logistic
Regression, Random Forest, SVM 5 7} &%
B g ® £/ Ags, d5Y 52 vluet o
T= PHeE AFold) ERE B HYeE 5 A
7] 25 dS53k= At dide] NBA, NCAA 54t
89t (Zuccolotto, Manisera, & Sandri, 2018;
Lam, 2018; Horvat, Hava$, & Srpak, 2020; Pai,
Changliao, & Lin, 2017; Thabtah et al., 2019).
WA oFARES Z7IHislol Hish 7] AuE o
Zoh= @771 AlRFA ot WentingWang, 2014).
waha] o] A0 Z&2 FIBA HA s oAk 73
71219 F4] 718 7IHke R SHE ofIESH=t] }lof
A 52 SHollMe] BARK HH, dlefemiold 71,
milEde] 7S A8%ke=4 KNN, Decision
Tree, Logistic Regression, Random Forest, SVM 5
7R 5 BP9 o5 A= Hlust Aotk ESE '
A o A7 Idie]e] 7] A v g
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Q] 79 2471 Aol SE Ahael]
A 3 A 5T ook A7Ihelel AR 16
A "ol AZ & 36 2719 A 1heL o= ¥
g9 34 718S @7 hYOR MR @=72).

2. K24
o AT AGE AT ARE AT

34 AR|EoA AFEIL Q= 54 7159 Box
Score(https://www.fiba.basketball/asia-
cup/2022)5 4102 £t

3.

s

I

Q21291 FZ(2020), Ball 1 & Ozdemir(2021)
5 e 5+ F7] e dSshe H box
score®] Sl= HlolHE &85kl 9leH Lin et
al.(2014)= ==°lA box score Hlo[E9] ZsHy
I f84S ASoTh TEkA] 2 AFolA 2022
| A303] FAF 5 oK EHo]A|oflA Al
9 ©lojg] FollM ASgko] gl 2149 ¥FE A
golo] SwSE AAsilth A4 S

2070 =EHSet ) SEHHUSE MRS W
9] 5 thaat Zo| FEolgr S 54,
= AT ® TS, = ATE 28 AT 2
Ao N, 285 838 38% 435 3%

ANZ, 38 438, AT 435 ARE Al
T, ARE 838, T4 THRRE, $H] ZHkRE
OAIAE, Al T, © QoM TIEAY], E‘i—i
TEOIHL, TERFE S =
FoIGAT) (3 1) o] AFolA A8 SRS
EYHPet FEASE FESIo] F2gt #olo)

wﬁ

4. GIOEME =&

Kannan, Kolovich, Lawrence & Rafiqi(2018),
Nguyen et al.(2021)7} Cao(2012)9] =FojA A&

& Hee W0l oF
=3 PTS
% e FGM
% AEg FGA
% BE FG%
8% AT 2PTSM
28% A= 2PTSA
28 BEE 2PTS%
3¥% e 3PTSM
38% NES 3PTSA
. 3¥% 438 3PTS%
L A= e FIM
AT A= FTA
AT 458 FT%
34 gHRE OREB
SH] FHRE DREB
OJAIAE AST
A o PF
H oy TO
71237 STL
et BLK
v ol Won/Lost
e dlofE] Al B uhie Fasigict. o o]
glojg] AE ZolA 80%2] dHlolg: Fegoz

(train), 20%2] TlojE= HIAESC Z(test) U+
th 2§ o= A WA ZF EREF0 T T AEQ
HlolBE AglsHA star Z]E ol AAlsIem. o
5 AEoA A&3t & BY A 459 HuE &

5to] 2#9] ASEPS =SSR

5. 0I5 2

o] dA7tollA= HAIFY 2] KNN, Decision Tree,
Logistic Regression, SVM, Random Forest ¥
e Adstgon 20224 A303] EAF 5 of
AQI] A7) AT &3 Aol 7 B5 29
o that zhERt A ket e

1) KNN
K-NEAREST NEIGHBOUR(KNN)-Z H]%25~non
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parametric) A= MAI#Y 2EoH( Korhonen &
Kangas, 1997; Elish, 2014), AloE k& <l
o7 BE=EojX(Chen, Jhou, Lee, & Lu, 2021) &
F 9 39 ZAE sidckes d AR & o
(Horvat et al., 2020; Chen et al., 2021). KNN 2
FY A= (OF DI Zoh 79 B €
= 2B A(instance: q)7F Fo1ES W, KNN &
B2 e SN qoll 7 7R k A &1 QIA
HAS AAsiylom, o] kel | QIARIAE g9
k7i9] &2 ol olekal ghkElish, 2014). 123
q9] 7HEl|1lE)= o] S 7N R TSAE A
AT 4= o, IFME 7P 7Pk olko] HE
ol2-Hr} ¢ & FFS v|HHHorvat et al., 2020).

Classe B

e
X, .. i [ ]
k=86 ®

T2 1. KNN 28e| Mo

KNN dalefg2 #8ap7] fleide dejet o
& dlolE 7ke] AZE Alitsk= ®Hol qlojof gk
o}, dlolg &40 22191 A9 A9} S5 HlolE
& A 45 A8l fE22l= A2l(Buclidian
distance)E AF&SFHHarrington, 2012). §&

£ e A1) o] 39 Brk

dE’u.(:l'id(iun (*Tv U) =

M)

2) Decision Tree

Decision Tree®= A= HAlHYY ®¥Fo|H(Johnson

2022 FIBA HAsT OtAlRt Z7|20E 8% Hil2ld

et al., 2018; Jin & Deng, 2018; Mendonca, Vieira,
& Sousa, 2007), &5+ 4 21 ZAIE sHasi= dl A
835} 4~ 9t Tanha, Someren, & Afsarmanesh,
2017). Decision Treer= Random Forest?] 71& 4
8A40|cKLiu, 2021). Decision Tree9] &8 E3= &t
FH 2% 2] w ER HPE S S e 2
& ot Horvat et al., 2020). Decision Tree=
7lEHos  SEket T2 Ed|  Xo[ti(Han,
Kamber, & Pei, 2012). Hlo[ElE #R7oF7] $folo]
Al HloTe NE+= E=|9] Afdollx] ERle] sito= gt
el o 2R ol9] Hgkes FEth & FE &
THE gE Rorh 50k ER] Y9l Sl
= A W B8 FE kT 51, HolE]
olg Z¥E H9lols LT BT LTl 5P, 519
L7t bE ol kg BEUEER] ofRE Aok
=2 2% =t skiNoor, Anwar, & Dey,
2019; Passi & Pandey, 2018). Decision Tree 23
O] A= (Id 2)9F Zrh(Zhao, 2021). A% A+
o] 2 = Exolal Wefst 42 Decision Tree?}
] ekt d& o= B2 5 U A2 ot Zhao,
2021). Decision Tree2] I&ekS WIX5}7] LI5}oiA]
7RIA7 18k Btk &, H Rt AE /s flst
ox g 4= 4= = E71E AASHeF SekNiblett
& Bratko, 1987; Osei-Bryson, 2007).

Decision Tree #4& $3¥ot= d1EE2
o 7}x7F et tEAQ] Decision Tree €32
2152 ID3, C4.5, CART, CHAID 5°] ltt. o]
AFoA= python? scikit-learn Epo|HHEE
AR5ttt wEbA] Decision Tree 28 A] CART
SPEE HEoIqih

CART(Classification And Regression Tree}=
AY A4Gini Index)}& o851 E=E(impurity)
£ Soh, REAlt e 2pau 7t 271RE 34
Sz olxhtFbinary split)oll 7[Rt darejEelt).
CART= A== &= siish] 41, &3 W
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ot HEFY Hg BT o8 o Jltke Aol
n7le] ¥4 FoA del= VHE
FENE W, 2 VI AR oE I8 £2
T e GES JuRith AUASe] o] At
S, daEEe] v e s XY Arg 7hE
HEAA F= 27 Heeh F4 228 A4 vihz
e AY ARee] 42 A(2)2F 2. se Hl

12'4
B AlEo]x = ERo] Fjgolet,

o L
N
:

o

=1 2

ava

2! 2. Decision Tree 2% AHE
Z£XA:Sports Enterprise Marketing and Financial Risk
Management Based on Decision Tree and Data Mining

3) Logistic Regression

Logistic Regression= A& HAlZY Hgo|H
(Haghighat et al., 2013), 7F3t Akt s, 12
1A S Q= diE A wiRo] B IS
¥ HHosmer & Lemeshow, 2000). o= 4138 39
o} TRV E EA4AR] Ay Z3do] of&Esial ZAIA
g 3xYe, 2003)5 B9l oY EF¥ct Binary
Logistic ~ Regression=  Multiple  Logistic
RegressionC = URBlslo] o B5& &AIE 90t
1 S5k o ARSE & Qith UREHQI Logistic
Regression 2 E5(Binary Classification) SATF
AT 5= Ut} OF 7H|aE|Y] ERE FEskH

= B8 240 AS3HEE Logistic Regressions
A8 ok gt Chovanec, 2021).

Logistic Regression £42 o|&3s} H Ho|H
o st} g St il ARl 4
(32 A FAlolH PFE 03 141019 k2
7IAH Joje] AAIE 712 = o|&3} H HolE 9
AIE 53t

1

P(l’): 1+67(“+ﬂ111+ﬂ212+ﬂ313+'” Bazy) (3)

A QI 8, ~ 8, U (2, ~ 2,)9] 3
Apoln, ¢~ e i) SIFES Ueric,

4) SVM

Support Vector Machines(SVM)= #Ao}e] =5}
AF - Vapnik(1995)0] 24 943 XASKSRM:
Structural Risk Minimization) ¥&}& o83l =
A" Adkernel) T 7HE SRy LarEBoltt
(Boser, Guyon, & Vapnik, 1992; Bromley et al.,
1993, Drucker, Burges, Kaufman, Smola, &
Vapnik, 1997). E3F, ZHagle] @ H¥sk= g3
A FLAQI A= HAlFY HEgolchjain & Kaur,
2017, Pai et al., 2017; Bishop & Nasrabadi,
2006). W2 HE7R= SVME milEdollA 718 73
St B Ve & shUE 751 (Cortes & Vapnik,
1995; Vapnik, 1995), AgZo]ALt H|AFHR] E&
AE sk A 4 AUKSuthaharan,
2016). HAS HloJEo] theirl= SVME Ad 5
g olgsto] 71E0] HiAY S8 o =2 A
A 3oz AMJRIKPassi & Pandey, 2018;
Nguyen et al., 2021). TR 7oA S A=
7V {zp i), i=1, 7, yye+1, —13F TS O
19} SHAE sk 2B H(hyperplane)} o9
7N ARE HHO] ZEHL shqt EXRic) ojgt
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2210) 2R 7 55 HolE Fol] Helohe 2
wloll 74 77k A Aole] ALlg et 4= 9
ofok 3j] Al4)eh o] 5] ek

(w s 2)+6=0 4
7= 21 Aol 814, wi ool WAlo]

A7t AR st 9ol TS RS
ofst ZHEE AY5)9} o] Ae] U 4= 0w ol
3 RS 2B AJo] Sl A 4K Wefet Gk

yl-<wo xl--l-b)—lZO (5)

E5 % e 2Eue F EE Aolo] o
2

g AddEslelop s, % 2

RO2BULS To] QAL A(5)Z Aokow
e A()2] A2l thet 2Hst £A ek

(margin)

L(w) = min(é Il 2) ©

HFHoE ool Y2 WY 27 FoiY 1), @
MR thet 2k

fl@)=Y a;y; K(x;,x,) + b

oA71A ez BIRA S50l KO= Adds
ojtt. SVM 23| ABEE (¥ 3)3 Lt

tle[eE o & &2fol7] flol 2 7K Ad e E
7isiolnt. 7MY &5t 71 Ad dolle Ad A
(linear kernel), TFH] #Ad(polynomial kernel,), 7}
LA AY(Gaussian (RBF) kernel) ¥ A|Z1Ro|E A
H(sigmoid (MLP) kernel)o] Z3F=|Qict. Scholkopf,

N
.

O3 3. SVM &5 Hur
Z4:The use of machine learning in
sport outcome prediction: A review

Smola, & Bach(2002)= o Ad 3re] Tuks} &
A Aol HolodA Ad Teot Agist AARE A
ol9] IAE $HsI o, RBF AY 55 ARESH:=
SVMo] B HERt dlE 5S4 5tk 22
A} E3E OE SREE =RoA oldt 22
A A Levandoski & Lobo, 2017 ; Cai et al.,
2019). I%°IA Levandoski & Lobo(2017)9] 7+
A= (a9 4ok 2tk

&= REF kernel

4 5 v 9 o A ! 5 » 0 v
Number of recent games considered Number of recent games considered

O 4. 4 76K 712 2 olE e Hlw
Z4]:A hybrid ensemble learning framework
for basketball outcomes prediction

5) Random Forest

A HAlEEel e e E e 2

2022 FIBA WS T OWAIQI Z7I2WS SR8 DAY 22 B39 05 45 Hlm 59



B Tolo] 24249 7|12 BP9 ARl olgsio] T

2 IHES =3} Mendes-Moreira, Soares,
Jorge, & Sousa, 2012; Sagi & Rokach, 2018).
Liu(2021)& =old PdE TS 9 230 H]
S B U2 9% ds= ARSIl ARXSIITh
20014 Breiman®] A|QFet Random Forest(Groll,
Schauberger, & Van Eetvelde, 2019)= 21717} 9L
I v ARl MFE S5 HHoITKSoliman,
Misbah, & Eldawlatly, 2017; Noor, Anwar, &
Dey, 2019; Pathak & Wadhwa, 2016, Mueller,
2020). Random Forest g9 7}AL E3] Exlst
27 AAE 1S & Stk Hoj, S 2 ER &
Aleld et digS ok A= UeRdthLin
et al., 2014; Lessmann, Sung, & Johnson, 2010;
Nedellec, Cugliari, & Goude, 2014). Random
Forests= %2 29| Decision Treeg 7] ZgOZ
F=5190, A2 T2 Decision Trees= &3S T
A& oE Y oFp] JgE -6, 19 A% 23
+ o] Efl9] 9% BargteltiLevandoski & Lobo,
2017; Mueller, 2020). °|2fgt HHA(randomness)
2 Random Forest X30] @ Decision TreekTh
o 951 o FeE ZAEE okt TS e A
o] /F3t Decision Treex= &7 Hlo[E]o] sl 244
3} (overfitting)o}A] =2 Random Forest+= bag-
ging(bootstrap aggregating& 551°] Decision

Random Forest Simplified
Instance

3 8 . ;Ofi. ,r. ,D W ,'.x //G
g 242 9 9 42 .,
60 606060 60606000 do 606000
Tree-1 Tree-2 Tree-n

Class-a Class- Class-B

| regression

12! 5. Random forest 23 AHT
Z4:The use of machine learning in
sport outcome prediction: A review

Tree2] I3 BAIE o2 4= 3L Decision Tree
AdiFe] FAE A 4 QUtH Nguyen et al,
2021; Pathak, Wadhwa, 2016; Groll et al., 2019).
Random Forest 22| A== (I 5)¢} At

6. Xi=x|2|
1) B4 D27

o] d¥= 20224 A303] HAF B oA
77] digle] #7ket "ol AZ ¥ 3674719 AW
L5 v oE miled B BYS AMSot S
AIE AE5t7] flste] BA Z=T3QI python
3.10.1 H&AS ARESIGIEE python 3.10.1 BA2
tolEg 88402 A 4 Q= BES AFst
£ 28T ofve}, AuAfEe] Bt HEE AMEO]
7Fs3ICHA S, o8, 2020). ET), 583 go]
Bl xgslal glojA dlole &3t 3/
AE WAy BEEndo] 71531t Yezus, 2014).

T2bA Yezus(2014)9] =2l Ak=k= python 2}
olHe=}E Harslgirt. o] dollA ARERE python
glo|B&jgl= scikit-learn, Pandas, Matplotlibe|Rith

2) 2 O|F = HIt x|

o] Ao Fe: H7HR = FA B ORI
Hol AR 7] AE S AA| ARt
737] Aol we} 39| ol& HeE Aol 3
7Fet¥tHLevandoski & Lobo, 2017). ©] AtolA]
= WAl EopflA AMgEE 2Ye BTHRER
A76IGaL AR T2 wileld 239 % FYe
£ W7okl Hlwsigity. B7HA ROl &1 AlE
thgt YO & B (Jadhav & Channe, 2016;
Hassonah, Rodan, Tamimi, & Alsakran, 2019),
HIAE NEO thgt g9 ol& Bk (adhav &
Channe, 2016; Hassonah et al., 2019), F1 &
(Nguyen et al., 2021)7} ==k
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g (Accuracy)= AA| HloJEoA] A& TlolE
7h Aot Z2AE Wekshs A|#o|oh ERE A
oz 1Y o ds= Hehd 4 UtKThabtah et
al,, 2019). & AT}t 25 95 ds0] =
SFtHJadhav & Channe, 2016; Hassonah et al.,
2019). HELo| ALbA A7)} Aok AlbAlofA
+ TPE True Positivie, TN True Negative, FP
& False Positive, FN<> True Negative®|t}.

TP+TN )
TP+TN+FP+FN

accuracy =

F1 Aes JEeet AdL9] 71528}t Hghol
tHLuu et al., 2020). F19] Hhge 1, ke 0
02 Fl H47F 555 13 9% 4dse] Al
I’J(Nguyen et al., 2021; Thabtah et al., 2019).

1 A=) AlbalE Q) 2t Alitalolxd= P=
7@‘.%_‘1:'_ Precision®]al R @& Recallolth.

2PR
h=35Tg ®
m. |94y}

1. 29| m2t|y 2¥
1) KNN

KNN9] % m&la|g|(Hyperparameters) 7892 H
A k& 1-200% AHsI91 58 wAF A5(5-fold
cross validation)2 4B} k9] 7+ Zhol st 3
T+ 9& A8 (mean accuracy)E® TE5Ich 1
21 (I9 62 k=13% @ KNN 239] ol& 45
o] 7k 22 A o= SRIFt wEbA K9] k= 13
0F FA5IAL oaltt al&3t FFE 2= A
glof "t 71=E]9cHLevandoski & Lobo, 2017).

2022 FIBA HXAbsT OFAIQHY

13
0.8876190476190476
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080

075
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I3 6. 2 ko TR 05 FET

2) Decision Tree

Decision Tree®] % mjeu|e] 2L o Zo]
(max-depth) & 1-72 A5t ZF ZolojA
Decision Tree?] %= 452 %;]'91‘:]'. 14
T 2)= A o7k 2, 3, 4, 5,6, 79 H
Decision Tree2] & 450l 7}72} %% 7
golE]qic}. 3ATE Decision Tree 2&-2 o
Zo| Ashd A SHoverfitting) 24171 A
c}. wabA Decision Tree2] Fd| ZolE 2
ZA51ic} ESE Horvat et al.(2020) =5ofA]
Decision Treel ™iet 7FA] A8 Farstoiar
"entropy' & 25T}

Ln‘L

4

i %

criterion®

H 2. Decision Tree®| O2tO[E =X

2{) Zlo] o B3

0.73

0.8

0.8

0.8

0.73

0.8

SO [\ [0 (DO | =

0.8

3) Logistic Regression

Logistic Regression®] % T2H[E] 2L Logistic

Z71Z20E 8% Mield 25 2¥Y olF ds5 Hlu 61



Regression®] 2 & A4S 7] flolodx Maier,
Meister, Trosch, & Wehrlin(2018)2] =RojlA] Logistic
Regressionel| thgh % olejufe] A4S Jarsioiar &
7o) 2 mfE] G2 0.012(C=0.01) SFgalgict T3t
Logistic Regression®] Z T2H]E Zojl4 solver TEh]
Ef= Logistic Regression®] €41 ko] tfst 2|is} vt
e ARt solver TEHER= newton-cg, Ibfgs,
liblinear, sag, saga 5712] ¥aelEo] gt & o
o= 71 liblinea YEES ARESE |2 ATEHGIR
o} = I3 SFJ(coordinate descent) WS AR
Sl A TpE HEEF o R X35l

4) SVM

SVMY] % miEtale 242 SVME] 4 d& 4
55 A7) 9slodA SsVMel AE Ad, tdk
(POLY) A4, RBFAY, AIZLEO|=E(MLP) AdE=
g FHslYth 7 AL FRANES} gSAE
of tfst & AT E =&t &9 Z (O
7> oF4] 74%2 o2 AY SR A& 0]
o] 9otk A0= SRIEQILt wabA o] Ao
A AEigt SVM A S Tid4] Ad g<eoltt

0.9017857142857144 90

Out[26]:

a0
nan
as0

ﬂ

0825

0800
07

J

i)
il MulJ w
M Uv

0750

H|

(b

the accuracy under kernel linear Train set Accuracy is 1.000000
the accuracy under kernel linear Test set Accuracy is 0.800000
the accuracy under kernel poly Train set Accuracy is 0.947368
the accuracy under kernel poly Test set Accuracy is 0.800000

the accuracy under kernel rbf Train set Accuracy is 1.000000
the accuracy under kernel rbf Test set Accuracy is 0.666667

the accuracy under kernel sigmoid Train set Accuracy is 0.41226
the accuracy under kernel sigmoid Test set Accuracy is (.800000

O3 7. ZF H29 E el

5) Random Forest

sfefle e 2ol of

Random Forest9] %

= 5& 97] Yot Decision Tree 5 1-200
o2 AA519T 108 A AZ(10-fold cross val-
idation} 2 AARIFLE I Zi O 8§

Decision Tree =909 @] Random Forest Z&2]
A& 5ol 7H 22 o BRIFIL) wEbA 90

789] Decision TreeE 2451 Random Forest

TS =59t

MES HISMHIENN oS

2. 2y =8 e

KNN, Decision Tree, Logistic Regression,

[<matplotlib.lines.Line2D at 0x7f8c6833cl30>]
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H 3 7t 9% STMES HASHENM 05 MalT

1= 1y Train Accuracy Test Accuracy
KNN 0.947 0.733
Decision Tree 0.912 0.800
Random Forest 1.00 0.800
SVM 0.930 0.867
Logistic Regression 0.912 0.867

SVM, Random Forest ¥55F XS A&l o
2022 A303] @A} B oRAQHEe] digt A7
AE &3t o= (& 3y Er

KNN 232 &3 HECIA dI% He=e 94.7%,
EIAE AEOA di& FYes 73.3%= e
Decision Tree 22 &3 A|EOA A& Hx
£ 91.2%, HIAE AEAA A5 Fees 80%=
UERdth Random Forest B &3 AHEOJA
& Fe= 100%, HAE AEA d& H:
80%= UERATE. SVM 232 F3 HESA 9
A= 93.0%, HIAE AEOJA & Hee
86.7%% YEFATE Logistic Regression 2=
T AEOJA d& Hee 91.2%, EIAE AE
oA A& HEe= 86.7%= UEhtth

Random Forest % R4S o]-&3}o] of|=3]
< o, doje AIES] ME vt FESHA 71

oizol 2A3HOverfitting) @/do] AFIC

e A rle

3. 2 ol=9| HE:, XgiE, A1 He
2022 AJ303] EA} 5 oFAIHR el gt 471
e 53 ket AldE 3 Fl1 e (B
4o} gt.
KNN 2@ FEs 0.733, AldE2 0.733,

4 2 059 §2T, Misls, F1 &+

25 13 AU A& Fl1 &+
KNN 0.733 0.733 0.733
Decision Tree 0.810 0.800 0.796
Random Forest 0.810 0.800 0.796
SVM 0.900 0.867 0.868
Logistic Regression  0.867 0.867 0.867

2022 FIBA HAsT OtAlRt Z7|20E 8% Hil2ld

F1 A4E= 0.733°0% YERSTE Decision Tree 2
B2 U= 0.810, AL 0.800, F1 H4e=
0.796°=% YRttt Random Forest &2 AU
T 0.810, A@L-E 0.800, F1 H4E 0.7962
2 Utk SVM 232 9= 0.900, AdE
2 0.867, F1 4= 0.868% YERGTE Logistic
Regression H¥2 FUEE 0.867, AIES
0.867, F1 A4+ 0.867% UEISIT.

uebA 259 B EE FAHoE AT A
7}, SVM 2EL oS 450l the BPHT 945}
Al Ukt

V. =9

o] Aoz 202219 A303] A} 5+ obAIRb
3 o] lolA AlEE box score HOlE FoflA
207)e] W=E A7Aste] KNN, Decision Tree,
SVM, Logistic Regression, Random Forest 57}
A wAled B S ARt g 5 oA
b9 sl A dSsit. 4 1Y B7HA
RS BA%H 23}, KNN 232 23 AEojA %
B 94.7%, HAE AEOSJA A Hees
73.3%, 4U=E 0.733, AEES 0.733, F1 A=
= 0.733°0=% YERIT} Decision Tree R8-S &
H AEOA A5 Heee 91.2%, HAE AEQ
A A& s 80%, FE=Ex= 0.810, AldE2
0.800, F1 &A= 0.796°2 YUERITE Random
Forest B3 & AlEOJA] ol& A== 100%,
HAE AECM & AHoees 80% Hd=e
0.810, A&E&2 0.800, F1 H= 0.796°02 e}
Wtk SVM 232 Z3 AEoA dE How=
93.0%, EHIAE NEJA oS F&ee= 86.7%, &
k= 0.900, A2 0.867, F1 A= 0.868=
et} Logistic Regression 282 3 AE
oA A& A= 91.2%, HIAE AEOjA &

gll
M
H
o
10
=2
i
0x
olr
o
El
o
@



T 86.7%, BHUE+= 0.867, AL 0.867,
F1 Ao 0.807% UEth 2t 139 o5 H<
Lo wet SVM X2 KNN, Decision Tree,
Random Forest, Logistic Regression HgHRT}
7V et & o= EHlow, SVM HE9 o
= AP 86.7%2 LERTh

NBA & 77| 21} o5 thgh A A5 4w
W, Torres & Hu(2013)= Multilayer perceptron
—back propagation neural network, Linear
Regression® Maximum LikelihoodE& AR&5}]
NBASQ] 737143 A&sI3iaL 7FE 2 oS Be=
= 70%% YERATE Horvat et al.(2020)2 tjokst
72} 39 maled BPHE ARESH] NBA 4719
AE &SIl 7H 2 g s 65%F
FoJA9ct. Lieder(2018)= Logistics Regression,
Linear Regression, ANN 282 A&3}o] NBAQ] 7
7] AE AlEsiSial 7FY 2 oS s 7T0%=
UeERdth Cao(2012)= Logistic Regression, Naive
Bayes, SVMa}+ Multilayer perceptron neural net-
work @& ARESI] NBA 771 BaE d&si9ial 7t
A 22 o= AT (9.67%= YERATE Kravanja
(2013)2 SVM ¥ Logistic Regressiong ©}&3lo] Z+
7} 70.01%, 69.73%2] & HeeE H: Lin et
al.(2014)2 Logistic Regression, Adaboost, Random
Forest, SVM, GNB 2&-& ©o}8s}o NBA 7] 2z}t
£ 531900 7MY T2 dS A¥EE 65.20%= Y
ERith webk Aggeitold NBA 77123 s
67~70%9] °lI& He=E Hrk

NCAA 5 771 Az} ofi5o]| tigh AgY A5 A
B, Miljkovi¢ et al.(2010)}2 Decision trees, KNN,
Naive Bayes?} SVM= AR851o] NCAA 77] Z23E
ol=31941! Naive Bayes’} 7} 22 ZilE A1,
67%°] & AYLEE HTE Zimmermann et
al.(2013)& Decision Trees, Random Forest, Naive
Bayes, Multilayer perceptron neural networkE At

8510 NCAA 5+ 771 ZHE 955191 Decision
Trees2} Random Forest”} 7 22 o= A7E A
L ZZF 70.42%, 71.37%] I HEE=E HI
Levandoski & Lobo(2017)= Random Forest, KNN,
Logistics Regression, Neural Network, Naive
Bayes, SVM¥} AdaboostE Ak851o] NCAA 5 7371
ZiE &SI Neural Network 23] 7F} £
Aig 2AE AL 79.4%9] S =S otk o
2pA] Aol NCAA 771 Ao] thsto] 62~80%
9] & HeE WLk Li, Wang & Li2021)= A
A50] NBA2} NCAAoIA 737 ZAxol] Higt o5
= ofn] 53] BANE, ARFARl T o HEk
7} Hk= Aoz FRIEQc

o] okl SVM HF9 A& A= KNN,
Decision Tree, Random Forest, Logistic Regression
HPHT FEt S 52 7ML oAl g
4= U} E3L o] Aol SVM 239 oS Agt
T(86.7%< & FolA ASEF9] HuE &
Pt ot APATe] ZAIHNBA:  67~70%,
NCAA: 62~80%)° HIPH o <oiths Zlo=
oIE|Qle}. wakA SVM 2o FR}| 5 ofA|Qk
Aol 59 2HE ASshet anpAo]al Hgt
Aled dl& Hygolztal AlmEr

<

28

o] A= 20229 A303] A B ORI
Z71H3]9] FA7ES 7IHe R HEH SHolA
o] AIA W, dlolefutold 71H, MAl=de 7]
HE ZEste] JA 5 ok S 2
2 H|wo] 2482 thg Atk
3, 2 oS Auolrt= SVM EEo] KNN,
Decision Tree, Random Forest, Logistic Regression
mdEn) 229 o% 52 UERAL 86.67%2] o
& g 4 0.8689 F1 F5E E3ith

A
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E4), Random Forest 5% ZdS o]&5}o]
2022 @A oMol A7IS]e) s AE
&3 o, dHole AMES ME a7t FESHA
271 2ol 143K Overfitting) &/de] IFH

o] Ao AT AE EYE FF Al 5 F
7¥sto] o @2 dHlolE7t Hdo) AYEE Eol=
Al 1A 7heS EY & T AREESL
oh 183 ¢ AEet oE daE 27] fisteiA
HARGET o2} Hedy} BRgh A7 "R
o AoE AtgECh
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Abstract

The Korean Journal of Measurement and Evaluation in Physical Education and Sport Science. 2022, 24(3), 53-69

Comparison of Prediction Performance of Machine Learning Classification
Model Using 2022 FIBA Men's Basketball Asian Cup Match Results

Yuan-Zhen NI - Seong-No LEE Hanyang Univ.

The purpose of this study is to compare predictive performance using traditional statistical methods, data
mining techniques, and machine learning techniques using the box scores of the 2022 FIBA Men's Basketball
Asian Cup Games. The subject of this study was a total of 72 match records among the records obtained
through the official records of the 2022 FIBA Men's Basketball Asian Cup, and the outcome of the match
was predicted through a total of 20 variables. Five classification models were used to predict the outcome of
the men's basketball Asian Cup competition: K Nearest Neighbor (KNN), Decision Tree, Support Vector
Machine (SVM), Logistic Regression, and Random Forest. For the data collection and processing of this
study, the statistical program Python 3.10.1 version was used together with the library, and the results
obtained are as follows. First, in the prediction results for each model, the SVM model showed the optimal
prediction performance than the KNN, Decision Tree, Random Forest, and Logistic Regression models, and
showed 86.67% prediction accuracy and 0.868 F1 score. Second, when the Random Forest classification
model was used to predict the win/loss result of the 2022 Men's Basketball Asian Cup, overfitting occurred
because the number of samples in the data set was not sufficient. Based on the results of this study, it was
considered that more data by increasing the number of cases in the future can increase the accuracy of the
model and reduce the possibility of overfitting. And in order to obtain more accurate prediction results, it is

judged that research related to deep learning as well as machine learning is necessary.

Keywords: Machine Learning, Men's Basketball Asian Cup, Prediction, Classification Model
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