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T 4 N EF IEENE NI FLERSR
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(HRAZE, #mE. KL, 410006)

BE: REAEKEINARAMUKFLSRIRERR, MEMWEFARINECRRE, ENEFEEM
RELKHEZIEE, BRX—REATMNENRFRSEHED, NAESEEREFFRERNEEL
P AAFRRIERER. YR FIRAERSERFDMRISRAITUNERE, SEsiE e EaIms
FHEXENRREIX AR, FLUESE OLS RITAEME, T 4 MERNSAFIBEETEREDT
AUSERIL, SOIEEERRAR, ATERIRRF I BREERES B T SR0EsR OLs RRESAY, Bk
MRS EIR AR S SHE B FHIKEERANA 2.64%, BEEN 115, AXHHARE O TS
FINAEIRFRBTEEEEESEMNE.
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1. 5

Xof i SRR THTUAC B PO AT . — A A Al ATk AL PTG R, CAPM 8578 DL i LA 52 (1) 22 5K
T BT G R S T R T 2 B 0% R, Fama F1 French(1993) SR A BE H &, #4)
% 7T E (Small-Minus-Big, SMB) E-FHIKHE di{Etk (High-Minus-Low, HML) [X-F,
7t CAPM HERIFEA B3 T =R, FF T 2R PR AR KT R, thE, #ok
B2 1 R R AEM TR H, Cochrane (2011) #4H B S hb E AR F5h k> (Factor Zoo)
3],

— 5T, AW R FAAEE SR8 . AN R, TR R B AT
Harvey et al.(2016) %1l T 300 2 i ifF 78 AU & A4k T FF1i8 50, YOG m& bt 2 K240
PR BRI 7T & B AT RS2 AR 19714, Hou, Xue, Zhang(2020) %} £ & ¢ SCHik 1 ) 452 /S PR1-3#E4T
R, ARBHRZEN R RIEER], M EAT B L AT OR B 0. %
ZE I R TR 3%, 101 Fama-Macbeth [H]U5 . ICIR 485645 X 2008 1 PR 2 [ [ 28 HAR A, E AT
7] i (] A A7 R A 7 B R LA U . 53— 5 T, AW I = ORI i Rt 3R B, S
DA T IR N TR R M5 B, TR 75 LR I [R) Bl 45 %5 18
KERFT . PN PIFFEIGMG, EREMEREVAA IS S A AR, % EE T3
AR R R HOY OB AR T AT Re, AT LU AR E

b 2 R TR TR N AR GE AN T A IR i B R 2R T 2 0k S 0 25 ol g
FRANASE o T LR R RN 2 2B A R R 5T, Bk B T 4R RN L4 2
SJHEAR . EEAT YT (2018) YCANLERF TR R I HARBA g oy, 4~
A B RE ARSI B8 7 HL o] DAk i S A 180 LS5 ) o 7 2 A R AR B AR RR ik ik
PEIIRE 71, F HLEEWS LUSE RGO VR I N S 2 M 2kt s dr gkttt R, AT &=
B TR T 2 R Rl e H .

Hltk, 752 B 7R T B LA = I HR, 5HUERH R RN Z R &7
FONIISE R, AUl R R AU TR SE B AN WTIR N, HLES 2% 3] IEFE BN —Fuds AN a] 2>
AR TR, NG TG 2 BRI 4E 7B IRt J5ik.
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2. SEUE#ETT
2.1. REASIRER 55 -t B

A HE 2017-2021 AR 300 FREFEA AT NWIAE W FEREA o 7 il 52 K& SCHRAN 27
RS, A SCMILH M Chttps://uger.datayes.com) 3REX T 3t 8 2%, 244 ANE TR M fizik
R, AL T E RN, I B RS Wt . 5 H B 3 TR XA
REHHE K H CSMAR %l % .

BT AR ) R FAEBUE VS AR 5, X PR MR =, SRR TR
FEF A PR E A E TR MRS, B RER AR ISR . N
TR Y (I R R R T AR M, AR SO IR B AT AR AR AE L FREAL
STAFD IR . BRI, ASCRAEMEZH 0750 (Median Absolute Deviation, MAD)
ARG, DTN IEIE ARG RAG, 55 )5 R P 38 7 ZE Fm A R 25 AR A 8 R A TR
AT bR AL

2.2 MR R

FENLER S S BE IR R T, B 58, HLER I n] o RGN a5 ST RIER BE 22 S W Fh, A
SO TRET R A RSN I BT S, T 22 I 25X SRR B 2 o) SRl i F T B 1R
BRI, AR, A E IR T 0 P SR AR IR, X TR 2T E AR T MR,
BOHMEH JE AR N ZR TR 3K, DI (] A AR A & HH R, A SR A T AR Gl 5 ) S
FR, T RO PRI B R HOE U AN L, E B T B I SR IE BRI 1 B, JF
HAEE T 2 AHE LA R I  EE £ E R EoE . BTN S, AL T 5 P2
Fk, B E RN E 5 o) Lk ——3 R B (Least absolute shrinkage and selection
operator, Lasso) Al 4% [m7 (Elastic Net) , PfhARLE ML 2e 2 > Hk—BENLARAK

(Random Forest, RF) A2 714 (Gradient Boosting Decision Tree, GBDT) . iX JL %

PRAE KB AP e S B R N BE J7. AR RS N 4 S0 o, A s i i
(2017) PLY¥R 300 FaHUS 7 OB TEXS G, #5 OLS [mIH. BRI, kR4 505 N
ST, IR, HETE R AN X 48 7 A i 3 0 2 G I STRGR AR T /)
ek, HLAREI g BEAH LR R TV B R Ik (A R 0 DABEALAR AR A FE SR TR B
9%, Booth (2013) #4417 5:T RF RN AZNA 5 RS, %R GAE & AFIGE ST FI T
TS B 7 TR T HoAt SR R E). Ladyzynski et al. (2013) i&H RF HE0FRE 500 (1%,
I3 BT AR B AN B RO, A ST ik £ RS B AE Y 25 58 B mT DA I 22 BB R AE
HEERVEN B PSR ) DUk, — e R R G T LA 2 S RE < AR I, B TR
B L AT R R

2.3. BRI 25 5 T

TERRL NSRS TR0 7 T, 25 RS 3G/l 7 51 B A I P, 8 L3S SUIGIE A7 75 £ it
TR R T B B AN AT AR B B e, i LA e SR st T P 00 1 A 70 A B
EHESAR RIS . A ESAET R sh & DGR R E RN 24 M, HERMETERS
BT 124 H 36 MARIER. RS, ASCEEEMMETT =0y R R
X t+1 BAR SE H BEUR R 2 . 7RI B T35 — WM 2007 450 2008 4 14 4F [ s A2 AT 15 A
Mgk, ¥4 2009 4F 1 H R TH AGE IR EE s 1830 E DR 58 I 2007 4F 2 A % 2009
1 H ISR EATHAIINZE, K 2009 £ 2 H ak SR IR eE, DUk, BHE
B g — LRSI FI TN 155 IR . 25 R ] SRR AT AT, ARSCIAEIR BN & L 158 — R
MRS 07 2R AR S5, e SRS, SHOERLE R FRITR.
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* 21 RESYKE

i BT ZHH HE il
Lenth =12 Lenth =24 Lenth = 36
Lasso alpha 0.0001 0.0003 0.00002
Elastic alpha 0.0001 0.0005 0.00005
l1_ratio 0.6 0.5 0.5
max_depth 7 5 5
n_estimators 400 200 250
RF
max_features sqrt log2 log2
min_samples_split 5 5 5
learning_rate 0.05 0.05 0.1
GBDT max_.depth 3 3 3
n_estimators 100 100 100
max_features log2 log2 log2

2.4, BB AE RS SBET

T RIS B 5 ) BRI T RE 77, A SORE 43 ) T 25 A2 (10 000 45 SR A i FE o 4
G AT U -

PR A AT, CL 24 A HBEshE DK A, 2007 45 1 H % 2008 4= 12 H 1
WG SIX ], HEHL 2009 4F 1 A % 2021 4F 11 A (1 FHAR AT R S . 75 &A=
X E— N3 H, Pt 2 24 S A REARE R IZREXN BB AT ISR, LS T4
AR RN SR A Y ()4 N, TIOA5 2R I SR B 2, B T TR 25 SR e 4R SR AL
BV S5 AN b S N TN 35 R HE 4 BT 10 A SE, SEHHEA JE 10 IS . dw, 5.
WA RBIRF IR H B, 3T 0 48 An i 8 (1) R 1l S N AR R, B RE RIS
PIRER T304, BT ARIE R 7 20 i R, sk D i I RS, ZE AN [ X 18] P 3454 H
e, A RE NG HEANRE, FFF—1H, ENARE NS5 HikG, B
5 F5E:5% .

TERSRVEN 7 T, A SCE A @ T A AT B RSO ARG . B AR I T 45 2
i 22 TR 26 foe e BT 10 REEE, R TR s ARG 10 SR, FFot S /e AN [l
X [a] 3 19 H P4 i % . 48 Fama-French A A 84 18 4 i i RAT 7R % . B2 387 bE 56 AT A K [T
SFRPREAT SN

3. SCUFgHR

3.1 AR B GO RIT

K 3LHIR T HT 4 FpLes S ) By AEEME OLS AT 2 il A SR Bl

T, HEE2 R A A BT Sk Re TR R I . MWURRE R IR G, 78 B X TA) P
PR 300 FEELM HFIUEE HAA 0.83%, TifESt OLS [FIHMH Bk %8 1.90%, &
Fama-French 1% J5 B RV 1.69%, Wi RI 40 B3, NGRS TR 5 I R E
[FHAY % 300 Fi5 20 2 L 20N 0.32, ik 4 OLS [MIVHIE %0 0.91, Rk —H
BRI, JE 15490 OLS MR T4 A REE 3RS B iy UGS Rl RS ) F R
A 300 X A 5 T P R G mb fa L, IR 300 FREU SOk BRIk 42.72%, W AE I
HAENTR RS, BEFH AR S IBR, MR T1E% OLS [RIAM & R H A 15
KIEHCH 32.90%, Hi XK HE SIa i TP 300 4650, AR 1, BIE R 2 itk 2 K7
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FRT B BE NS AR 3 PR R B, ULRH 1 2 PR R A Rt

Hk, VDMLgr OLS RHkifl, BT WLAR~S ) BIEA s I3 BT 2 A IS o R AN T XU g
NEMRTAES OLS [BIH. EFERNE, BREE, MK ERSE TR, £
NEIE, AU EE OLS [BIEZ7l4eH T 14.89%. 22.34%, FF5-o 43 aliRt T
2.42%. 18.18%, H KIEHIHI FBET 15.22%. 20.59%, %W AT AENS — e FL T b il
Wa . AH YRR TG AR -0 2R VAR B A& R I s2 e, AT B T () R

s TENLER S IR 2, RS AR AL S 2 R I B AR L T R Y, X R (A1
HRF 20, BT 523 2 0] BRI 2R B TC i e AR R o R . =, BAE
PET- PRI R R (1 45 W 2H A5 1) H 3505 3RIA B 2.64%, HHEL OLS [R] A A3 X 45 51 43 i)
P T 38.95%7F1 8.64%, HFLLERIA 1.15, 7il$EFt 1 26.37%F1 13.86%, & K [RIHT [ 1
PEFHEN

3.1 FIRBEULHEER

H ¥ s % FF5-a g OKIEHE
%) NW-t ) NW-t 2% %)
oLS 1.90 3.86%** 1.69  2.91%** 0.91 25.92
Lasso 2.28 4,12%** 1.80  2.87*** 0.96 32.90
Elastic Net 2.43 4.27*** 2.09  3.27%** 1.01 27.74
RF 2.51 5.01%** 223  3.73%** 1.09 23.92
GBDT 2.64 4,99%** 241  3.67%** 1.15 25.74

T xR R RIIRORTE 10%-. 5% 1% K R B3 .

BE—Hh, % 3.2 DL 2015 G50 S, 5 TR RLLEAS [RII [] X [a] N R4 2 SR
TSR 5 SR B AR e . %L 2015 SEAE A A ERE WS, H—=2& 2015
SERERE T T RORTKOREE, Uk 300 A 4840 riik 2 2877 &, MEJE TS KA AT
RERAEFEAS s LR DL 2015 H2 0 5 mT LUK HEAN [0 DX [8] K1) 23 A i B R E0RE 24 1 X 1]
HP B 0] 9 B a5 7 — IR e B ) A= REIX (]

3.2 JFIRE A X BRI AL R

ROl SRS FF5-a [N FNEIE
%) NW-t ) NW-t R a %)
Panel A: 2009.02-2015.12
OLS 1.65 2.21** 153 161 0.67 25.92
Lasso 1.94 2.40%* 147 142 0.71 28.67
Elastic Net 2.04 2.47% 1.74 163 0.73 24.41
RF 2.26 3.09%** 151  1.69* 1.00 23.93
GBDT 2.13 2.84%%* 1.76  1.89* 1.03 26.77
Panel B: 2016.01-2021.12
OLS 2.18 3.59%** 1.94  2.66%** 1.31 15.42
Lasso 2.67 3.71%%* 2.18  2.99%** 1.36 21.27
Elastic Net 2.89 3.85%** 233 3.17%* 1.45 19.58
RF 2.89 4.01%** 248  2.83*** 1.17 20.20
GBDT 3.09 4.20%** 289  2.87*** 1.25 25.74

TE: %, Rk, AR RIISEORTE 10%. 5%, 1% EMEKTE TR E,
MEEFR 3.2 AR, H—, TERET )X A YR 300 FR 50 A P as R 45 5
0.74%7F1 0.86%, & KR4 HIA 70.75%F1 40.56%, [ Fia HEA &2 22 40 4 (K H ¥ 35 % 45
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T 1.6% HARRER, HmORRHEIEHITE 30%LL A, FREIB ALY s R BT BE
J7 I ESRE W R 300 T 55, FLAAR TR 1A #5058 S ) L A s R B A X TR S [0 A 245K
UM, BT HLE 2 ) SOE R SRR I L TAL G4 tEm A, Mo ARLAERLES 2 ) kit —
DART LML Hk. T, fE 2015 SE R DAY, ARRVERH 22 Rt A &4 Fama 11
French To.[K 718 /5 IR E 10% A VK PR, T E LBy (K 2 S 1Bt &
£ Fama fll French .8 1% 5 I s 3 A B2, IX — BRI J5 I8 v fig e AR R M AL e g B
et 20 ) PR 55 P SR AT WAL 2 2 R AR 2R PR AR 5 2, RIS 3t T PR A 2R T A R 1 A
mi; H=, fE 2016 KLU, BRI KRR o TOVE R TR TR AR, X kB
Y T R 1A R S B A1 AR AL, D0 LA 28 3 PR AR g i s TS 1645 2, 52
Yes P 3R AT RE A = Hah B2

4. TR

kR L ESGIESE R R 5E, ASCRIEN AR K AT TR i s, & 4.1
JEoR T HIREE K LDy 12 4> F AN 36 S I SRR B SR, 45 RR W], AR 2L 8
FEAR KA AR, R 2 (A TR e U T 7 TR A S Bl iobLas o7 1 S5,
e AR L LS 27 S FR N e — 2D AR T G e P [l A

4.1 TRINGEKE T SEREINLE

H i ah 2 FF5-a IO SNCIE
) NW-t ) NW-t R R %)
Panel A: 12 MHEshHE O
OLS 1.19 2.46%** 0.90 1.81* 0.61 30.76
Lasso 1.62 3.04%** 1.30 2.16** 0.69 35.04
Elastic Net 1.65 3.39%** 1.56 2.74%* 0.75 31.79
RF 1.87 3.11%** 1.75 2.52%* 0.68 32.20
GBDT 2.03 3.56%** 1.97 3.00%** 0.82 31.25
Panel B: 36 N HIEzshE O
oLS 0.98 1.77** 0.65 1.07 0.41 35.89
Lasso 2.21 4.07%** 2.12 3.18** 0.97 28.32
Elastic Net 2.32 4.42%%* 2.13 3.51%** 1.04 23.41
RF 2.44 4.48%** 2.23 3.72%%x 1.10 27.78
GBDT 2.49 4.77%** 2.32 3.66%** 1.14 26.60
VE: xR R IRORTE 10%. 5% 1% & K R B3

5. &

ARICIEFE TR 300 FEHUHST I 2007 4F 1 H 2 2021 4F 12 1 H B N A
HONRESL 244 A7, DL OLS Ml FEdE, isHER. SEMZs . BEHLARPRFIRE 4
TH DU AL & 2 > SR AT BRI s RS T, 2 Tl a5 R st A &, 2t
PAN R SR SHIEZEARR ], HLEs2 2 5%, Rl AR b a2 2] Bk Re i IS LS
U TT 4R BONE S OLS MBSk X ARE], Hldssa 2] FERENS B m ROt EEAT R 1 1
W, AR RS XS, B I Ay S s 2 AR SR &R, T 3RAG T
PR BT A ST TEAR X BB S — € AU A EL, XIHLES 22 S 78 537 58 A sk
It ST AT — € A TE o
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An empirical study on quantitative investment based on four machine learning
algorithms
Jiagi Yang

(School of Finance and Statistics, Hunan University, Changsha / Hunan, 410006)

Abstract: The prediction of stock sectional return is not only related to the investment decision of the industry,
but also affects the theoretical development of the academic world. Therefore, the factor model has been attracting
much attention since its birth. There are hundreds of abnormal phenomena and pricing factors found around this
topic. Machine learning is naturally good at high-dimensional feature selection and complex prediction problems.
More and more researches in the field of asset pricing begin to focus on machine learning technology. Based on
traditional OLS regression, this paper systematically compares the performance of four mainstream machine
learning algorithms in Chinese stock market prediction. The empirical results show that all the machine learning
algorithms can achieve better investment performance than traditional OLS, and the average monthly return rate of
the nonlinear gradient ascending tree model of long-short portfolio can reach 2.64%, and the Sharpe ratio is 1.15.
The conclusion of this paper has important reference value for applying machine learning to factor investment.

Keywords: Machine learning; Multi-factor model; portfolio
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