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Abstract

The quantile regression method proposed by Koenker et al. (1978) focuses on conditional quantiles given by
independent variables, and analyzes the relationship between response variable and independent variables
at the given quantile. Considering the linear programming used for the estimation of quantile regression
coefficients, the model fitting job might be difficult when large data are introduced for analysis. Therefore,
dimension reduction (or variable selection) could be a good solution for the quantile regression of large data
sets. Regression tree methods are applied to a variable selection for quantile regression in this paper. Real
data of Korea Baseball Organization (KBO) players are analyzed following the variable selection approach
based on the regression tree. Analysis result shows that a few important variables are selected, which are
also meaningful for the given quantiles of salary data of the baseball players.
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2.1. 22|14 217 (quantile regression)
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Figure 2.1. Loss function according to a.

Least squares

loss

Figure 2.2. Squared error loss function.
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Figure 2.3. An example of piecewise linear regression tree: At each split, an observation goes to the left branch
if and only if the condition is satisfied.

o £91% A RPel ol AT 2y Fa PP SRR Bk AE BReA BEgd
WA Ee] iy Al B17URE o) ete] ARaoln 2 TSk WS ol g aTk.

2.2. 3|2} (regression tree) 2 02|S

AL HolEE 54 /1% Wagel wek ANHoE BT HHA RS FYHT AorATS
A5 A3 @A P RS B A 3719 BB B PHolth 2E 4Y AAUTE 3
AT BHE 25T ©f 277} olFo} A A4 =E(node) A ABRFL AT H olH e AP
Po) A7 A5 e AR Rol AH BAFOE B3 ks Yol

rlr
[l

Figure 2.3 278 A% 3779 ooty H49] =& E vl = %%ﬁ%(training sam-
ple)& 3t glom AA7|NRE ZHA]7F v ojAn URTE ztetA "ok 7 kEoAE B9
*(split variable)= A& AWH (21, 22,23 5) Fholl wet 7kA7k ‘4“74017‘1”4 o|# gt o] Egto]
WHEE = O 2 wAEEEE §3 7FAA] 7] (pruning) AAS AX HFHQA Yo EES ofFA
=t} Figure 23004 ty,ts, te, s, to= HExTolW Z+ HE L& olefoll= i, = 2'Bu,, Gin = @' Bus,
Uio = &' Brgy Yts = &' Bres Uty = @' Beo AH MG =014 A3 AP o] AAIH o] it
olg]st 278 A JAURAA g, = /B, 57 2ol 4 A% o HPHE 20| ofd
2ol wpet A A A 3A ] e 7t A A A Frk. Chang (2010)A A H HF =E=olA
2ol tF A3 Z¥ tE AE AT ¥ (multiple linear regression tree) ol
T EASHe A5E 2, AT =ToAY BEE AT R0 5 HedEEs 7
A 3] (stepwise regreSSIOH) duEEe A8 WFEY § ot RS 79.%5‘}@] U7E 75
T Aok

Chang¥} Kim (2011)9A = 7t3gt Al g8 o]d A+ S8 vAY 3ARY
7t AESA AHE 5 SS Hier, $5¥eg vy
o] s}l A4 T oA AL H 4Tt =

27Pd A% 7R 1 °f

i

[e]
3%
o
=

7Folsl

u

)

o oot e o

- _124_‘ l"_u
ox 1o |

-

%
SHATE ol g dollA K,
om o]Fo F7uteta



Variable selection with quantile regression tree 1099

o3 ek 4~ 9t} Classification And Regression Tree(CART)S} 22 AF A9 AYUFY A2 k=
AN E e 2P0 A=+ 2T dx2Felzt & 5 Ik o] off wiEel AR IwrA A
27 Ay AR A7) CARTSF 22 44 3|7 23 vls] A vepdrt

olggt 27pd Ay 3R o] dutsl & 4 vhd, oA AF B E94 FA 4 FAUFE
Agohe 2A= w-g- 2HdsHA Hee 4 Atk Loh (2002)& 3779 o]2]dt A& o83t A
B4R B4 AR =4 ¥ A|¢ksteitt. Loh 7} A ¢FsE Generalized, Unbiased, Interaction
Detection and Estlmatlon(GUIDE)% AHA =T o A theksl Y ASHS Jl=EHA Stegn By A%t

o] MHE Wele SAlol A58 Al daelFelth. Loh (2002)°14= GUIDE 122 54

£ WA H o (variable selection bias)7F 719] 9low =& A A (curvature test) TAE E3F v A

/g xzo] folotal, NS EIE ST A4t /‘]7]"’] qogez “H]'Er/]’— A 5oz FYrh

53] A A (selection bias)+ MAFY AF5L] TS W42 Qs TS A7 @2 olE B

Fth= 22 Breiman 5 (1984)¢] AI¥ek CART %yE¢] Mi AL %Zﬂ@% NAg Aew H7}
=1 z

@ 4 itk wWebA, GUIDE WPHEe 2ubael nal 422 now
TRy J5d AE 475 AHAD 4 ek,

2.3. HLMEE 2[5t 22|45 3|?2|LIR (quantile regression tree) 2 12|&
Chang (2010)°4 GUIDE®S] 278 A337 UFE 23 = 3 Ql HAA %ﬁ%ﬂ%(stepmse

P
linear regression tree) B8-S o|&§3to] TP 7o WA wHHS
A gFole T WY AHAJ Ago] oHE FE Hgdst] B =RolAE Chaudurlﬂ‘r Loh
(2002)7} A+t s 295 3712 BAN YolA WA
AVFE A8 A% 271
2

)
r{n:
Ho ol
P
ic)
Y
%
e
Kl
T,
i
o

oL
rE
>
%

i$

4>
fru
48
M
rzi
o &
RO
g o
B
i
|

fo 40 ox udh (B 42
FF
o Mz 2 o

ofr
Qo
e
¥

TN DY

)
FHoz A
(constant quantile regresswn)
ke WSl A% el s A
3} 2k,

ol
j:L X 2 o?l_i

o
> rlo
3%
N
2
o
o
o
¥

o
tlo 4o o
P Jo
o fol
il
%
o e
3
2
oftt
U ofr
do
to o

_pJ
o
T
L
v
8
i)
ot
1o -
K

1 fu

H
Me
1%
ok
Rl

’
FF
:.oI:'a

Sis
Ao
&
i

A A ghet.

tolHE new "“‘AT adl Fete 4 295 39 RES
Sl Aol 7 mEoA FEuge] RSk thee] JHuSE
EEoAY B0 *J*ﬂoi‘ﬂ /39 Y Egoelrh
tisiA, FEA X (curvature test)E 0]—9—‘6‘]—02] Ry|H42 Addt 2544
Hs o] BAZF v AP A AA] o fE AA s HAHolth g S0 4 (2.
o wf, AA el 23 Zﬂ,?zhf}air/}j_ 7ARE) Bab 74 298 d2a] &
IARPE Aot "t

N

f el
2 oo

b

s

i

)

o

N
LT of

o

b

st

L I~

_?4

Y
o
+r
+

n
e
td
of i
o
i
Y
of¥

(

(B o g pok
i
=2

5
jvc—)‘ -lbl'
N

N )
i

X oo N
]
al
=
N
e, i
o
i

2
X
10
Ay
N
)
G
S~
o

yi =p(z:) +e, i=1,...,n. (2.6)
A A AdEE v A5 0 AAZ y9ke] AR FAE RS, dHHed o E 5%
3 AHES Teth o ), YW 0,9 7 ARG QL o] 47 A4S BET
2 08 7L E JAE RS E A8k 384 39 £ 89 AS wETh oI £



(2.7)

Youngjae Chang

# (contingency table) 7} ZHA =™, 2] (2.7)3} 22 FFolAlF SA S A4t

1100

WP HE T N il CNCy o WA ok MW T
peEotar ¥, <E B gh k5
W E R L e B o o ) X7 o) w o AF o
g I¥T R = = 0% W TR Ty B
gUNERED L N mw o ™ (g A
T eNesd %o EW B W oo B
%ﬁnﬁﬁﬂﬂ% = 4 =35 F o T4 o
) ° M ﬁo = ,DF Ny ‘_.WO ﬂa ol ﬂ_' “._ma ,_ny‘,_ _io _Ea
i Mw NG Mw W W = ) Ko T i < oy o OV
éﬂ%%@?% = = %7 Gy o w M%uﬁ%
25 o W_L cEd B S T ow ow W R
mAv_ad:ﬂw%Lﬂm %O S £ = W= T oo W T
e AL VA W = o B k= 7o T " ok
o & Mrm W ool oy £ N g up m_uo oy uyo oy oF T
Ewarmnm_apMn_. = o o & 8 M ) TR
B oo op WO = 3 0T = ER oy o D
A Loy kK3 _ T op oy o Tk
mE W Se L g E VT ® B o wp oy B R
pr N T E . E Ca & e
w ar =<r B = prog - N B B 4 oy
=T CUNTY 2 o, o ﬂy! —_ ay nd} e T EE B
T BB B o)) = mwm el
oERAST R 0w WS x TEITWE X
pEETNRER & 4 He RN EFE G Rl
Ez%ﬂ_n_.ou N o H ToR N | o NI oo O Y
=T g tp o P W ™y o oF mo I BoRTOR
Hem 82 B 4 g Al 2 g o
ﬂ__ﬁﬁ_@mmm B g Am_mwm ° M%mwp@ ﬁg_ﬂrww
.AT\./:;]@_-H_ AN © o ] ! —_
— — w o S - _Lzl N T o
ﬂ_u_Wm.an ~ uoz__. _11_m_n M.l,ﬂn] 1_% Md_uﬂﬁgaz%
okl 5 N4 ™, = - T oo Me ® o N
%Umﬂapmmﬂum wwc_ JML Wﬂ)r el %&Wﬂ ﬂﬂ@__m
® o= -y B oy > <o oA
R ® G2 B oT_,maer - w_amweﬂ_a W
I ey M {F AL Y oE o 2 m»wﬁ = W
— P ovw_Oﬁu T e & T o R o <F
K o Mo o o oo K oo Ko N T Mo P
ook OF T W 1 F = B K = W P
Hﬂ&o < RS o_el.m ﬂXIdl Nk w ol ~+ M o= B X o 1
NX Lmmids ®0 45 Pow g pp X EE
pEarest TTogREid o Gla g o ITks
SHWHIPW LW  Pol Mgy XN yN g T o o B
T 5 o P 8 & NObl o erme g oo T oA v o=t o2
T el mr s d 95 2as 0 T8 E W Te ik
NN R R Yoo o] CEIONECUR Y SO UL A T S
THEHUBRUT W FB o o By vEe m MRV
< 13 < = o BT oF o

el §ol4

0,

1
&

9% 3R

1e AAdES 20159

3

=

=

tlolH

]

2ok

Ay

1
o

MO
=
°

L.

A= w7t glkal iAok

sto] 371 A

3.1. GIolg
2 =M



Variable selection with quantile regression tree 1101

Table 3.1. Variables for KBO players

Variable for batters Description Variables for pitchers Description
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Figure 3.1. GUIDE 0.50-SE piecewise constant 0.90-quantile regression tree for predicting salary of batters.

50 19
21000. 70000.

Figure 3.2. GUIDE 0.50-SE piecewise constant 0.50-quantile regression tree for predicting salary of batters.

73 18
3500. 15600.

Figure 3.3. GUIDE 0.50-SE piecewise constant 0.25-quantile regression tree for predicting salary of batters.
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Table 3.2. Quantile regression models after variable selection (batters)

Selected variables a = 0.90 a = 0.50 a=0.25
Constant —274.99 2,500.00 1,378.20
H 82.96 - -
h2B 1,931.10 - -
SLG 42,073.00 - -
R - 166.67 -
HR - 1,570.70 -
RBI - - 177.25
BB - - 146.65
Sample quantile 60,000 12,000 4,500

15000. 50000.
Figure 3.4. GUIDE 0.50-SE piecewise constant 0.90-quantile regression tree for predicting salary of pitchers.

10500. 63250.
Figure 3.5. GUIDE 0.50-SE piecewise constant 0.50-quantile regression tree for predicting salary of pitchers.
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Table 3.3. Quantile regression models after variable selection (pitchers)

Selected variables a = 0.90 a = 0.50 a=0.25
Constant 14,000 3,570.3 6,200
w 6,568.2 3,429.6 -
SV 3,751.4 - -
G - 8.64
Sample quantile 69,000 11,000 6,200

4. 22
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