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2.1.1. Min—max scaler (MM)
Min—max scaleri= Ho]E 2] A7]E O0~1AFo]Z UYtEAl "t} dlolH
T AY #ZE @= 00z, dHolE F AY & #T= 1°0=E g,
Ho]El5<S mapping 3tth. Max® Min boundary® AFEEIEE
outlier’t =& A 11 G A et

MMX) = (X - Xinin) / Kmax = Xmin)

2.1.2. Maximum absolute value scaler (MA)
Max—absolute value scalere= Hlo|H A & dojgte] AL & #go=
zh dlolE gh& v Foh MM A ek R, Al 2 doigk
A7lel &ESERE outlier?] F&F= Wol Wt

MA(X) = X / Xabs max

2.1.3. Standard scaler (SS)
Standard scaleri= dataset® #X¢ H#S 0°% 3d}al, standard
deviation®® R FE= WRjolrk. o] R Al outlier’} AthH
Hadk 25 Hake] Y vA Holy Fxeo] dF= +rh

SS(X) = (X —mean(X))/STD(X)

S

2.1.4. Robust scaler (RS)
Robust scaler® minmax W% olAd min oAl 25" quartilegt=
AFE3FaL, max ™Al 75" quartile S AFEITE o] E3)
outlier®] 9 Folxa s}

RS(X) = (X - Q1(X))/(Q3(X) — Q1(X))
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2.1.7 Gaussian transformer (GT)
RT Weo=z wWaw dolg BEXE (Gaussian Xz WEsit)h o]
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GBRT Z1¥]3 DNN 59 WHES "= 2 A1%&e] cross section
return analysis®] ZAE33Th o] A=, DNN>RF>GBRT>LR
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2.2.1. Linear regression
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X7} &he] featureRts YEHE Wl W A 3] EA ol sk,
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2.2.3. KNN
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mom (t) (price - past(price, t)) / past(price, t)
DMom (t) (past(price, t)- past(price,t — 1)) / past(price,t — 1)
Tval (t) past(price,t) = past(volume, t)
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factorg® w®HgTHY. 1 ¥, Oﬂﬂi data scaling ®WHS AEElo]
feature/class® scaling= 2183t & Train/Test splits F 8§}, o]
wl, AA| dataset® 7|7+ 2017.08.30F-E 2022.07.107FA]o]t}. o] &
train/valid/test = 0.70/0.15/0.15 H]&2 y=srth 1 tha, Machine
learning algorithm< A ®l3}o] Training< 3th. o] 7]A class® 85
ol FoEz MyPS dtrh, BdS g% F validationol A AY £
A IS Holi= parameters AT test 7|F w9ke] AIYE
Hlagth 7 5 oS58 dd o5 A4l A7E 7IEo® b5
Je® Yt a8a 747 OFe] £33 F5E59 B FYEE 4
79 FYES SH, AYd =2 FYgES e
A== Q59 FYES AR ST ¥ 3ex dA AH
B4 & EdsA T

Data scaling method

Data selection
acquisition

ol

SicacS e Algorithm selection

Split

Validation

Data scaling

Portfolio
Construction

Compare the
Performance

Prediction

% 3. A3 714 Flow chart

A 4% AT 2%

A 1 A Data scaling ¥ #3273}

4.1.1 Data scaling ¥ ¥ model grid search

2+ data scaling WY ¥} machine learning 22 9] grid search®&
Al e AnE Rol Frh EE RdoA RT, QT I8
GTe +=AdzZ A¥d7F F3, MM MA 2AL™ BHES 437t
AL QF Ft}. ofxghololo] FF& wWol We wF HolHO 544,
MM, MAS 1% 4%} o] data sampling 8% 7 37} thekst A&
B 2 9t} Momentum¥} trading valuexd 8 & featureS9 2% T
Z data X olE RoIFrE S, train/valid/test dlo]El & 7HE
WRE7F UE Zlolal o] RHEe] Ao T = Zlolth

% kK

o

= % Al =tf 8}



samplel_mom_1_minmax
sample2_mom_1_minmax
samplel_tval_1_minmax
sample2_tval_1_minmax

Qo0

-0.2 00 02 04 06 08 10 12
Feature value

19 4. Sample ¥ Minmax scaled data ¥

) F 9] data scaling method&©°ll4] Linear regression® 437} A<
F7 ¢Al Uskth. Fama-French® A5 Hxd o2 A=A
linear regressions ©°]&3toyA 7} factorgll FEFS AHs7]e,
linear regression® A 3= base linelZ & 4 9t} &2 data
scaling methods RFE AFE3I9 S wl, A7l Ald =93 DNN,
KNN, SVR, LR<=9] 435 HojF3th

Method LR SVR KNN RF DNN
MM (562.9) (37.8) (66.8) (56.6) (43.1)
MA (56.9) (35.7) (47.9) (42.3) (565.5)
SS (45.5) (17.5) (23.9) (4.6) (15.5)
RS (38.4) (9.9) 14.6 23.9 0.0
PT (28.9) (9.8) (23.4) (11.4) (6.6)
GT (11.3) (4.5) 20.8 42.0 23.5
RT 4.1 21.5 24.0 01.8 26.8
QT 2.9 16.8 22.5 42.5 25.4

¥ 2. Data scaling method®} modelel W& test 7|7+ &<+ Ay
H W (%), 28 FA= 25 &= or|str)
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ol A¥E Hluwstrl 98t market Hy 1831 market
anomalies® 2# 2 momentum, liquidity 52| factor£[21,22,23] 3
HE sxskt. 2% 4= 1 A3%E plotting$tth. Market 3372
TOEL —60%°]1, Momentume factorZ & HAFEE A7t £4
gt Addas AFEE Aol A3t 31 sHAIRE, RTE ARES
machine learning 18 FE R 4 42 AL & F Q4. 53],
LRS A|9]3t Y™ A] Machine learning ¢185%5 Huos= A7 of$-
vt} o] 5 FelolA, a3ty Al cross sectional return -2 of A
machine learning ¢1dFES AHgste A¢ 4 599 S
gtol3ldtt. & 3k, Data scaling Y HAF=E A7 SAASEA
a8a e gagEeeds dhbros RTHHES Algete

Btk o= outlierell 93-S @Wol W= FgUolHe 5

o ]
= PN
7] wjiolet 7k,

il

o

ox W
o

o

18
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% 5. dHrAl factorEd A Bl
4.1.2 Feature 9} class® data scaling W grid search

A 1A AFE R, o)A data scaling WHO Feko| ost
o] A3AHH feature?} class® data scaling

&l31, data scaling W =3¥ machine learning
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UHlse bl e AYS skeith[10,11,12] shA|RE, feature 9t
class®] scaling ¥Wol tE A¢ o o A4 TS WE S
A7Vl ol thet Pge A H izt v} 18 6+ feature$} class
scaling ¥ o]E9 A#AFTE HojFo. #E scaling methods
Agstttal A o & ABATE BT %}-% BAeE wr olE
E35lod A AZ & scaling methodES AF83t= A7 ¢ =& A9
A 5 ity AAesith ol &elsh) —.46}01 Feature®} class?]
data scaling WXl st #HZAsIE 2dssitt. Hyper parameter
A3 WHol|:= grid search, random search, 121 Bayesian
optimization s©] $lt}. Data scaling ®H 9 AL valued Zt= 7 0]
olU P& grid search® 53 35 W35}

g

004

.033 0.031

0.02

ret 1 minmax

- 0.00

0.022 0.018

ret 1 rob

x -0.04
&
:I 0.021
1
-
u - -0.06
--0.08
T}
~ . 0028 0033 ‘ 0.0036 (RS
-
[
--0.10

tval_1_GT -

mom_1_rob -

mom_1_rank
mom_1_GT
tval_1_rob
tval_1_rank -

tval_1_minmax -

ox M
HEA )
i)

A2 Y2 scaling method A& % feature9} class9

¥ 2 mom_1_minmax -

¥ 32 1 AYE BAgFEy. 22 HAoAM feature®l classol A=
£ scaling methodE A £& w ©§ £9t31, Feature®l class?] data
scaling WS t=24A AL 71538S 2tl Feature scalings
A | =

14 [y ”'t‘-] =

L

T} &

1
1

ETA



MMO Z Agate
oz Agshd Yup

o,

=

Feature?]

S 25 A9 classY scaling method& t&
J ==1-19= A A=l

scaling

method”7} B % thAZ class®] nonlinear scaling #H S AF&31=

Ao At £33, MM AREske A-5o A3t qF Fanh ol &
&5ty A], data scaling WS AL w, 7} datal] wxEe Hdo
upe} A As WS A gdof 3}, data scaling WHEY HA 3O
Aol ois & o+ Utk
Feature Class LR SVR KNN RF DNN
scaling scaling
MM MM (52.9) (37.8) (66.8) (56.6) (43.1)
SS (46.6) (17.9) (34.6) (6.9) (23.1)
RS (45.1)  (16.00  (30.7)  (15.5)  (21.8)
PT (41.3) (10.1) (14.5) 22.3 (2.6)
GT (45.3) (16.5) (16.7) 24.0 3.8
RT (40.9) (11.1) (21.1) 24.2 10.4
QT (40.8)  (8.8) (23.3)  19.2 5.2
RS MM (47.1) (54.4) (23.6) 4.8 (3.5)
SS (46.9) (19.8) 11.9 31.4 3.9
RS (38.4) (9.9) 14.6 23.9 0.3
PT (39.6) (10.3) 15.1 36.5 29.0
GT (40.8) (0.3) 14.4 36.4 25.5
RT (38.2) (12.6) 7.5 46.0 24.5
QT (38.4) (8.9) 7.5 47.7 24.3
GT MM (17.9) (47.3) (6.7) 26.4 (11.7)
SS (16.6) (12.6) 8.9 14.2 (3.1)
RS (17.4) (12.8) 23.2 1.9 (6.5)
PT (8.2) (7.2) 30.1 40.4 27.4
GT (11.3) (4.5) 20.8 42.0 23.5
RT (4.8) (15.5) 15.8 42.6 26.6
QT (3.7) (18.9) 19.8 40.8 24.8
RT MM (2.3) (17.3) (2.1) 15.8 (13.2)
SS (2.1) 13.0 20.0 2.8 (2.8)
RS (16.1) 15.3 24.0 (0.6) 8.8
PT 1.6 20.1 22.2 45.4 33.0
15 e EEiRT



GT 0.5 12.2 26.3 34.7 31.0

RT 4.1 21.5 24.0 51.8 26.8
QT 3.2 12.9 22.8 35.5 26.9
¥ 3. Data scaling method A3}, 7} &318]Z3 scaler methodl
w2 test 7]%F E<F Long portfolio? 5 (%). T35 ZAE= S
e gr g

4.1.3 Data scaling method %5 &3 23}

Q9] ¥ 3L E3to] feature class® scaling method HA3tZ ¢
2> A4S F s HAY ol ¢ uygkd ¥S
[e)

1= featureﬂoﬂ‘: 79%1\] 717] 95hed,

o
1=
o
|o
il
Y
e

M o
4>
30
2
K

o

3 mom_1_minmax
3 tval_1_minmax
3 mom_1_rank
3 tval_1_rank

-0.2 0.0 02 04 06 08 10 12
Feature value

19 7. Scaling methode®l] W& data &3

Data Scaling o“?j'é ZoA MM, RTIZ8x QT+ EF datas
O~1Afolo] o=z WIS st} 7} scaling WH =9 datagE ®RdsI
Walo] thE 7)o, O] range’} & scaling method5<& *&3}o]
n2do A HA3E At & 4= 2 AAE EO:]—,—E]- Feature

16 ' A& 8
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scaling method® =3& &3 HAsIE o £ AA4E ¢ F
AR MM 2 liner scaling®] 3, outlierel] W78, ®E scaler
U E oA Al Aot £4 ekttt wbde] RT W2 nonlinear
scaling®]aL, outliere] PFS A gom AH{rp E4vh olYIh

<3
AmrE AAS 71A 3 9+ scaling methodES %3Hs}o] /\}&3}91%
%

%

oy

e
4 o

qdE A= KAk =, 7PE AT b E£8%

W= UE data scaling I 2¥so] o F2 s de T
= WS ARkt = & o]’ Feature® =35 &3 A 35k9)
Class?® scaling method® grid searchE 3t A3l Z4u}olA
class¥ UF3t features9 Z¥o|% nonlinear scaling methodE 2]
A7y okt ol Ao S dl W 23S F HA s o
Bl S Yotr7] 91kl th AollA] Feature selection®} Feature
importanceE AFg£3}o] Ay W ot}

U
%

EeX
=

ftlo
s

o

30, 0.?3;@

Feature Class LR SVR RF DNN
scaling scaling
MM RT (40.9) (11.1) 24.2 10.4
RT RT 4.1 21.5 51.8 26.8
MM/RT MM (27.4) 2.4 (45.6) (33.2)
SS (10.7) 13.8 10.5 3.2
RS (19.7) 16.2 (1.9) 9.5
PT (5.9) 10.4 48.7 30.0
GT (0.1) 13.3 40.9 27.3
RT 2.8 10.5 48.4 36.4
QT 1.0 13.0 50.0 32.3
RT/QT MM 3.6 (19.0) 18.2 (31.8)
SS (8.3) 17.6 5.7 6.7
RS (11.7) 19.4 (5.3) 11.1
PT 3.4 15.8 46.0 37.0
GT 1.1 14.7 40.9 27.9
RT 6.3 20.5 47.4 35.5
QT 4.9 17.6 36.3 34.4
MM/RT/ MM (3.5) (3.4) (47.0) 1.7
QT SS (15.8) 19.5 12.7 (5.3)
RS (7.3) 17.0 (9.1) (0.8)
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PT (2.4) 18.4 43.3 34.5

GT (1.3) 22.6 38.4 32.2

RT 5.0 18.5 47.0 441

QT 2.7 13.4 44.1 35.0
¥ 4. Feature scaling method ##3}. 2} ¢318]5F3 scaler methodell
W test 7|7+ F<F Long portfolio®] F9E(%). ¥3 EANE 5F
e gm g

A 2 A Feature selection

4.2.1 Feature selection
¥4oM o2 data scaling methods% F%3¥ grid searchs &3t
HAsE s FAFET 289l AU F F& data scaling
WS HA SIS SalA, B ARE e 7o F e A
Bk oA Ay Z717F o8 data scaling method7tel] %32 %
synergy& 3= Q& @As X F2lslr] £35}] feature selection
WS B3] A feature importanceES T8t Features-<2 MM,
RT, QT data scaling ¥H&=S &4 At&sto] & 1807t} ol&&
Random forest® ©]&3F feature selections Z133}3tl. Feature
importance”’} ¥ featureg® & WHIAZ|H DNN =HE&
SgEFAIZT. 283 features®] FE WHIAIAZIY 7} class® scaling
method ¥ A5 A HEGIo

% 5°M 1 A3E HoJFr}h Feature selections E3loir &
feature=2 A= T4 zFol7F W, o] E3dFo]A class® scaling
methodel wWet FQ38HAl AAX = feature’t ¥HE= & F AU
A7 £g% nonlinear scaling methodE< featured <7F A&
= A7 £ As BT AR o8 AdE 2 W o
feature5S ARSI =4 H7] ¢3to] feature importance’} =
features< R4t

Fﬂi

Class 15 30 45 60 90 120 180

MM (60.5) (481) (38.9) (26.2) (20.1) (225) (1.7)

18 . H kl T ¢



MA 10.9 (15.9) (4.2) (11.1) (11.6) 10.9 (14.3)
SS 32.2 22.2 0.0 10.0 6.3 6.6 (5.3
RS 7.7 3.8 1.6 13.2 12.9 12.6 0.1
PT 44.6 49.4 33.5 40.4 31.8 38.4 34.5
GT 51.0 36.1 25.6 28.1 28.2 26.4 32.2
RT 35.5 42.0 31.1 32.3 44.0 26.2 441
QT 39.5 35.4 34.4 31.2 36.0 26.4 34.9

A= =5 = n et

¥ 5. Feature selection®] W& A3, &35
4.2.2 Feature importance

63 ¥ 7oA class scaling method¥ % feature importance”}
feature % feature scaling method& H.Qth WA Aoz o=z
W7k QF F31, outliersge] WS MM, MA, SS, 1231 RS&9
AR E 637 Zrl Class? scaling method?} B E, feature
importance’} ¥ feature=°] Zo] &A= A& & 5 vt AL
Aazr oF E:3kd, MM W2 MM scaled features©°] ]
features® e}, T 3 Agidoz A HolHES FTAEV}
=9kt ol AL 9 featureold At AU U, SS WHS
B RT scaled feature?] importance’} =& A& & &

AUdow 77k 713kl feature=9l importance’} =kt S
Tval(1)e RT2 MM method® importance’} EF &1

Al RTe MM method® importance?} =Skth. =, outher-J oé'ok

_%
neEsE MM R

ox Hir
£ orlo o

FAIStE RTSE outliers *3slo] BE X E
FTosHA #Agskdek. & g ket 23S F3 scaling methodJ
44359 Hede wolFh

MM MA SS RS
1 MMOMom((12)) MM(Mom(2)) RT (Tval(1)) MM (DMom (3))
2 MM(@DOMom(9)) MMMom(5)) RT (Mom (1)) RT (Dmom (3))
3 MM (DMom(13)) MM (Mom(1)) RT (ibs(1)) RT (Dmom (9))
4 MM (DMom (2)) MM (Mom (9)) MM (Tval(1)) RTUIBS(2))
5 MM (DMom (3)) MM (DMom (2)) RT Mom (2)) RTIBS(3))
6 MM (Mom (1)) MM(DMom(11)) RT(DMom(1))  RT(DMom(8))
7 MM Mom (6)) MM (DMom (5)) MM (Mom (2)) RT (Tval(2))
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8 MM (DMom (8)) MM (DMom (10)) RT (DMom (3)) MM (Mom (2))

9 MM (Mom(9)) MM (DMom (14)) MM (DMom (3)) RT (Tval(1))

10 MM(DMom(13)) MM((DMom(12)) MMMom(1)) RT (DMom (1))

¥ 6. Class® scaling method®l W& Feature importance(1)

2 A7 £& nonlinear scaling method?! PT, GT,
tt. 2+ Featuree? RTS MM

= LS ¢ -O/]
importances°] EF ¥& A& B & Atk I¥3 olEwEs
ARGstol A BRES SEAIALE 71EY Aol vlstAY o 49T S,
Data scaling method59% %% =23 HAzE Aye =71}

h=]
7}58re Bl o], data®EV}

Zloltt,

PT GT RT QT
1 RT (Mom (2)) RT (Mom (2)) RT (Mom (2)) RT (Mom (2))
2 RT (Tval(1)) RT (Mom (1)) RT (Tval(1)) RT (Tval(1))
3 RT Mom (1)) RT (Tval(1)) RT (Mom (1)) RT (Mom (1))
4 RT(IBS(1)) RT(IBS(1)) RT(BS(1)) RT(IBS(1))
5 MM (Tval (1)) MM (Mom (1)) MM (Tval(1)) MM (Tval(1))
6 MM (Mom (1)) MM (Mom (2)) MM (Tval(4)) MM (Tval(4))
7 MM (Mom (2)) MM (Tval (1)) RT (Mom (3)) RT (DMom (1))
8 RT (Tval(2)) RT (Tval(2)) RT(DMom(1))  RT(Tval(2))
9 RT (Mom (3)) RT(DMom(2))  RT(Tval(2)) MM (Tval(14))
10 MM (Tval (4)) RT (DMom (1)) MM (Tval(14))  RT(Mom(3))

¥ 7. Class9 scaling method®] W& Feature importance (2)

Al 32 A= A v

train/valid/test WH-Z o] Ag-FofollA] wWo] ApEHTH
dolHelde AA dHolHE nAyaiA AT A 54 A5RE
stA Atk ofg] Z|Zkel thste] AIE B7] fsiA+ rolling
training method& AH&3 4 Sl

4.3.1 A5%H data scaling e 93¢

>
)
Mo m@ i

i
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A A}E Tl fstel v ol AIS Wyt
2018 7FA] 9 dataE 85%% training 7]1%F, 15%9] valid 7]17H
AARst, 201999 o=L k. 1 &, v 1dnbt} 73 training
85 S SlHA testE AT 5 F testZ]ZFE 2019~2022d 0] FH T},
Test 717t dashul] Al ol th27 ot 20194 F<F
-25.5%9 FES HoFa, 20209dolE 234.7%, 2021dd=
977.0% 1¥1 2022d°lE —68.7%2 S5 HoFw AA7|7H
106.6%° CAGRS HAIFT} %8S RFE A3 dx®  data
scaling method?] 9g&kef st Ajolt}. dAA| 7|7 E GT/RT/QT
%=9] nonlinear scaling method59 Ayr7 £& 7S T A
53], o] Aol steskE A7)0 202293 20199 BEFolA &
Qe HoFQt) o] & FatolA 54 ZIXHERE obyEt BE 7]ThelA

cross sectional return 42 & uw data scaling ®'H9 A3}

sosttde Ae =& ¢ Atk

=}

;

ﬂiiﬂi

_l

2=
Method Whole 2019 2020 2021 2022
Market 106.6 (25.5) 234.7 977.0 (68.7)
MM 391.8 52.2 1511.2 2161.4 (69.4)
MA 305.8 52.7 579.2 2432.6 (63.3)
SS 297.1 (10.9) 452.6 2955.9 (17.8)
RS 362.2 (21.5) 710.2 2945.6 36.2
PT 374.4 79.3 993.0 1370.6 (18.1)
GT 984.0 128.6 3587.0 4136.1 76.0
RT 787.4 108.4 2501.7 2970.1 89.9
QT 684.4 121.9 1839.3 2707.6 54.2

¥ 8. RF %9 Data scaling methodel] W& A3}, 35 TA+= S5
s onlsitt. 713 CAGR(%) S Ho=t.

% 82 dAWrA<Ql factorg: T AW FUW A== AH5H
J2+E ¥ w3k th. Nonlinear scaling methodE A&t 49 W
factorgel Hlet] AH7} F55 & F vk 53], Market H+t

A witnk ofye}, stetd Wi, & st gle EEe HoE
olF T AsTle sEE E9E oy 5SS Zke VXl B
machine learning®] &33}d A% cross sectional return 419
A5 A H AL, olul nonlinear data scaling ®'H Y Hgo] £&
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7=

— market

A
mom_1_q4 7 e .VJ \\,,,./‘Vf’(
— mom_1.q5 Y V

2
g g

L)

Performance / Log scaled cumulative asset

2019-01-01 2019-07-20 2020-02-05 2020-08-23 2021-03-11 2021-09-27 2022-04-15
umned

1% 8. UW¥EAQ factorgd A} vl
4.3.2 A5 Feature 9} class®] data scaling 5 grid search

4.1.29014 grid search® %3t feature®} class®] data scaling W
HA = Fotol At FAEAT ol Ao o] dloly #3x7}
g2 VZblME et A AR grid searchE F3F HA =
Adetdey, 2 92 1 AHYE HAFEth 8§ HolEE 7]zt
W zrek7] W&o, 7Izkell wel 1 A¥rF ufe- Aolsith. Feature
scaling method7} MMSQl  Z%°l%, class® scaling method”}
nonlinear scaling methode|®™ A¥7} £ A& 2 & Qv 34,
Feature’} GTY RTE AFERS wlo wlwshd, 4570 20
A st AxE A7l Holx|= Holr} ClassJ data scaling ®H
outliere] ®WZ& MM, SSE AH&st= 3¢ A9 sher]Ql 20194
2022delde= AR F=A4 &tk sHAINE AR AT
2021del= 2 ¥t Fo. wbdel, class® data scaling WS
outliere]l W3FsA] 942 PT, RT, GTE ArgsHs A9 EE ALojA]
A3t =2 S B o Qv S dHolHe £

o
—
l'fu

[o

= of W7sk MM, SS9
Walo] 57| ¥ £& Aes HY 5 oy FAVe 8-S
123 nonlinear scaling methods #A &3l Zlo] £& Zlo|th
a=lar Aol & o8] 7)ol A% data scaling method®] #23t&

ool o e AT e Utk

Feature Class Whole 2019 2020 2021 2022

Market 106.6 (25.5) 2347 977.0 (68.7)
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MM MM 391.8 52.2 1511.2 21614 (69.4)

SS 742.0 70.9 1159.0 10136.3 (13.4)
RS 479.1 27.3 854.5 5501.5 (35.8)
PT 985.7 128.6 1815.2 8667.8 60.6
GT 854.7 135.7 1417.2 7350.9 34.3
RT 884.6 120.7 1738.1 6408.9 66.3
QT 801.0 115.9 1648.2 5409.0 46.1
GT MM 925.9 137.3 2162.3 65245 256
SS 1000.3 123.5 3599.3 5073.7 39.3
RS 596.2 33.3 1713.9 3895.7 5.6
PT 912.5 186.1 2154.5 4259.8 73.1
GT 984.0 128.6 3587.0 4136.1 76.0
RT 767.1 108.4 2091.8 3388.9 75.3
QT 726.7 112.9 2108.7 2778.1 73.8
RT MM 778.3 57.7 2010.7 5598.5 40.2
SS 699.3 31.3 2289.2  5249.3 (6.7)
RS 320.0 (42.9) 1138.7 2320.5 (7.9)
PT 1079.5 201.9 2295.7 6290.8 89.6
GT 921.8 172.7 2332.0 4155.3 83.3
RT 787.4 108.4 2501.7 2970.1 89.9
QT 746.1 118.3 2256.8 2752.8 74.9
¥ 9. RF9 dE" Data scaling method A3} 7178 CAGR (%) &

T:
RoFEh, 4% PL’\]% =T e 9vlsit
4.3.3 9= Data scaling method =32 =3 43}

4.1.3°|4 Feature®l data scaling method® Z3%ste] FHAsIE
shle W AFHTE FEAT olFd Ao o] AAo] thE oy
A7 2 B sk=A] A3ttt 2 102 RFE AFSSIlS ® 1
AIE HolFET 4.1.39 npzb7px| &2 Hi A Ao] Y& feature scaling
methodE Z&sldles W, A% dFds RojFrh 53] PT, GT, RT
2 QT 59 nonlinear scaling method<] Hjﬂr 57]'7]' Zitk E s
717V 2 ] £ feature scaling method’} A+ A & & Utk
AlxFo] F5 k= 717l = MM, SS9F 72 linear scaling method?)
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A7) F=31, ©E 7]3Fe| A+ nonlinear scaling method® A 37} ¢
Ea=s

Feature Class Whole 2019 2020 2021 2022

Market 106.6 (25.5)  234.7 977.0 (68.7)
MM MM 391.8 52.2 1511.2 21614  (69.4)
RT RT 787.4 108.4 2501.7 2970.1 89.9
MM/RT MM 464.6 34.5 1604.5 3748.7 (64.4)
SS 623.2 (16.7)  2376.2 4920.6 17.7
RS 272.2 (44.1)  786.9 2156.6 (9.9
PT 1135.5 186.4 2510.0 6907.9 103.0
GT 970.3 141.5 2433.1 5382.2 80.9
RT 983.4 165.2 2451.2 47744 100.1
QT 910.1 159.7 2192.3 4846.8 58.0

¥ 10. RFY <dx™¥ Feature scaling method A3} 7]74E
CAGR(%) & HoFth 3 ZIANE S #2 vt}

112 DNN= AREsils W 1 AdE HolEr. 4.1.3%
R A2 A2 Aol YE feature scaling methodE F 35}
FHAsg el e W, Ao NS RoeEdy. gy ko AxnsEw
H]523}A] nonlinear scaling methodE classol]l AE€35t3S w, A=
37k ek A oltt. o] data scaling method? %3S F3 23}
WS AREsk 7IXbel] WIZFsE S tlolE e SARE HelsiH,
AN ARE A& F U= Aotk

Feature Class Whole 2019 2020 2021 2022

Market 106.6 (25.5) 234.7 977.0 (68.7)
MM MM 163.6 64.5 281.1 737.5 (58.2)
RT RT 570.6 98.4 1225.6 2936.3 52.9
MM/RT MM 402.9 44.2 674.2 4243.6  (51.7)
RT 727.5 105.1 1456.5 4344.0 60.1
GT 811.6 183.3 1402.2 45219 66.7
MM/RT/ MM 711.6 119.0 1488.3 5044.8 (0.9)
QT RT 782.4 125.6 1667.3 3917.0 94.5
GT 810.0 183.6 1489.9 3712.0 109.6

¥ 11. DNN9 %™ Feature scaling method HZA3. 7|74
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CAGR(%) = R+t #3 HA= &5 = st

2 Ao dsstd Al cross sectional return v‘i““%
sk o), data scaling WH F
st A SR =& Eﬂo Eit o E*é% noise7} %l
outliers°] %Wt 53], 4&s =
71Zke] kel datal] EXE W

371 Atk owolar, o]¥l TWHEA] data
scalings & 4, outlierse] 9&S I4 W= MM, MA 59 scaling

methodE2} outlierse°l 23t g &o] 42 nonlinear scaling method]
A7 oE Aol Ad A3}, outliere] F&FS 71 ol w= MM,
MASl A7t A stk 28 giFEY EE oA outlierel
d &S x| 9= nonlinear scaling method?! GT, RT, QT2 Ad3}7}
Fokth ol& Fate]l F§ dHlolE 9 outlierge] el Waizb =G

Grid search® %3 Feature?} class® data scaling %WH o
HA3E Fale] M2 o2 scaling methodES &39S o, 4%
AE & T AT olF FotolA] feature=2 scaling ¥ Ulo]E]
¥ wetbd o £2 class? scaling £F7F = 22 &2 5 Aok
F71489 HA3E 959 range’t 0~12 2> MM, RT, QTE
Zsto] feature® AR Htth MMRE ARESh= B iR
oA A#rb ofg QF FAIT, olFg UE features ¥ ESH]

ARgShE -7 ”47} E3d RTE @502 A48 uru A7t
£t Outliers FAleta A4S Yebdl= RTSF AAl  data
distribution®] tisto] & =+ Q&= MMeo] A= AlYA| &3E L¢3 Atk
Azpetity. ol FEE w7l fstel, 7 class®  scaling
method&°l t]sto] feature scaling methodE 9] feature importance&
SAsA. Aot oF £ HEolM+= 54 data scaling method®
ARESE feature=RE ARESEITE AR AUl W AeEelA =
o2 data scaling methodE< &7 AFEstH, o] =59 synergy B3&
2 £ vt =) data®l RT9 MM scaling$2] featuresS EF
FosHA Azsklnr. & gk ol¥ RS FstolA RES 8 |

7} feature©] %W+ scaling method® dh5S Adst = 1S ZHo|t},

rlr

El}
ol
L
N
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aar Aol v oy Z|ztel skl Ade Hdeto], 7|1t
7rst FEHolHAE Mg A AAE e T AT olE
Z3ld A feature$} classol 37}4] 9] scaling method& AFE38k= #19]
obd, grid searchtt % HZAsHE Foto] HlolH #xE HetelF+
W =S ARSIt

B A5 E3)A data scaling method? FHA3E Edto] APAE
Al Q] cross sectional return A2 & w) Ao A4S IS S
ATk SAIRE, obA  thefst HWhHA el A7 FEsioh WA
HsE= oy =7kl ofe] wmiAle]l glow, Zh mpAwmiry AbE
FRJN=2 F77F v=2n. ol oy wiAle] AFE vkt ml=el
il 7ol A3 Aol I gk & AFox= o F 7S
192 st AdS @y, o5 71te] webA] class datawE
AA] Dt Zlo]7] wjEef scaling method?] gk w3k W Fojt},
o]l Ao x koA =3l feature importance$ feature=2 A HE
HUA £2 RdE5S A9 ¢ &A &g 2a Ao
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Abstract

Empirical study on the effect of
Nonlinear Data scaling methods in
Cross sectional return analysis of

Cryptocurrency Markets

Hyoungsoo Kim
Computer Science

The Graduate School

Seoul National University

Various methods of predicting asset prices have been studied.
Initially, linear predictive models were used. Due to the complexity
of asset data, nonlinear algorithms were applied. After that, machine
learning algorithms have received a lot of attention by reducing the
noise of the data and relatively increasing the prediction accuracy
of asset prices. Recently, due to the increase in computational
power, studies on methods using deep learning models are being
actively conducted. Among the problems of predicting asset prices,
the analysis of the relative returns of various stocks is called cross
sectional return analysis. In these studies, it is assumed that asset
prices are determined by a specific factor. It can be seen as a good
factor if the factor distinguishes between stocks that are relatively
rising and stocks that are falling. In cross sectional return analysis,
several factors are claimed to be significant after Fama—French's
3—factor model. Recently, machine learning and deep learning are

trying to explain this. However, the group of stocks and countries
§
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that make up the asset market are diverse and are greatly affected
by the period. When the conditions change due to these factors, the
performance of the model also changes significantly.

Financial data is noisy and has many outliers, but there is a lack of
research on data scaling methods in the data pre—processing stage
considering them. In this study, we studied the influence of data
scaling methods in the cross—sectional return analysis of the
cryptocurrency market, which has higher volatility than the general
asset market, and showed their importance. And, good data scaling
methods were seen in common in many models. In addition, in
previous studies, only limited data scaling methods were applied,
but through the optimization of data scaling methods, various data
scaling methods were applied to features and classes to show an
increase in performance. In addition, the wvalidity of these
optimization methods was shown through feature selection. In
addition, since the experiment may be focused on a specific period,
in order to prevent this, the experiment was conducted for several
periods using the rolling back testing method. Through this, it was
possible to obtain good performance in various periods with the
optimization methods suggested in the study, and a method to obtain
stable performance in financial data sensitive to period was

proposed.

Keyword : Cryptocurrency, Cross sectional return analysis, Data

scaling method
Student Number : 2019—-28216
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