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RETRABMEWA R — M HIEEARFFZHFHIEUERI (Mclean and Pontiff,2016 ; Harvey et
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FUULEE A5 5 e AR M 8 R 78 | sl DATR AT L8 2 03X — B A 9 T LA 28 U 2 RS B4 I 5%
HRIVE SR,

2. MIBZEIMNE X

BLARF 20 AR 2 F0 BRBOE X £+ ) M AR AR & ) QA T ik | e S0 o) 2 — o s

O HTAXEERS B BRI 006280 A0 5 18 3 10k 8 d5e I 2 8007 7 8] O 6 00k 22 35 ) 9
3 (http ; //www.ciejournal.org ) B 35 HL
@ AR S B AT BR A Rl Al TR T F 2017 4R 2 2019 4F 6 J &0 T3F 21 f AN T8 fe & i 5
66



o B XL AR SH 2019 £ 8 1

2 IR AT 55, TS T AT 55 B MLER 27 ) IR BE 2% ) 03 35 T LA FH ok el 57 B S 25 Tl
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HT R UE B A =AW AR SOk FRAL G A L P I VAR AE Oy BR o O R R Rt 12 MRk
PERYBLER 2= S B R T I RS — WS AR G I 1 5 et Al 2 S 1Y | A0 456 6 T4 1 ml I
) T 21 & A5 B (Forecast Combination, FC) U4 [11 I (Ridge ) \Lasso 111 5 (Lasso) | 3 ¥4 [ & [A] 19
(Elastic Net) Al e/ — I [l 5 (Partial Least Square, PLS) , T TN £ A5 A Y 2 R R Ok HLAE 4
I ) B 4 1z FH O BURS: T A U OCR (Rapach et al.,2010), SEHUE [BIH  Lasso 815 F1 54 B 2%
I PR E AT = A0 HAC RN B ML AL (Hastie et al.,2009) . 2 Ui fie /s — 3 (71 ) [] A 02 P
HAE G Rl 22 AR E i FHOT IS 1 8 B BU8CR (Light et al.,2017)

R T SRR T ASWEER AR SCIEE T 7 R AL AE o RTR B 2E ) Rk Horh 4 FiR Gl AR S Ak
A2 45 3 FF 1) 5 AL (Support Vector Machines, SVM) | # & & F+ 8 (Gradient Boosting Decision Tree,
GBDT) . % i B B $2 F+ W (Extreme Gradient Boost Tree,XGBoost) . % W # 28 M 4% (Ensemble
Artificial Neural Network ,EN-ANN),3 B I8 i 27 > 800 40 45 U8 B2 /i 45 M 4% (Deep  Feedforward
Neural Network ,DFN) . #E¥H M Z M4 (Recurrent Neural Network ,RNN) A IICAZ M 4% (Long
Short-Term Memory, LSTM), ¥4 SVM =252 O TEBR 2% ] L Z i, SVM — B2 AL a2 > Bl
W OEEZ —, TERZAL S EWUS T3G04 0 A SCEE BT 7 Fh B AL AR AR 26 9 33035 | |
GBDT F1 XGBoost , 2 Ji5 5 /& Fernandez—Delgado et al. (2014) 5% T 179 Fp oy 25k R I 15
S50 2 BEDLARAARZE FE VA A 4 R 28000 AT 55 0 il LUBUS BRAE A 45 2R |

VLAF SR TR B 2 2 LA 45 AT 55 h R B BL (Goodfellow et al.,2016), A T #F—E 5 IE5 —
AWLER AR SCIE I 4 B it 2 I 46 S 1 B0 - B WA 22 I 285 (EN-ANN) 2 22 1 28 I 45 119 £ R AS
DBV | 40 12 5 12 B 008 LA P 22 IO 2 T A PO RIOCR, , TR BE T A5 I 4% (DN J2 — R &) Tl T Y
RIE 2% 2 I (Goodfellow et al.,2016), FEFRHZE R4 (RNN) FIHC KL 1012 P 4% (LSTM ) 3 W3 it 3
JIE 25 3 51 24 25 1 T B Th R RS2 (Goodfellow et al.,2016) [AIF LSTM BB 2 1K B 28 4 i
KR TEARZ [ 1 REAE UG b RNN B 4f 1 Fl I 802
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% B JLA SRS E A HA O E 2 U T B B R B, nT LU, e B S04 RE S
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ARSI T 12 Fp B 22y I B T 2 I e S ml b A 0 e tnis R R BRI U 4
P v g 2 ) PR 3R A5 (REAR A 9 T 75, IR SR 28 A A AE AR T s T W B 24 ) r ik RARE T
JRE S AL 2 TN [ 50, A SCAb T T Ry T3 N T M 2 2T R W 2 2 T 2 g 40 w4 S 1 R Sk
Hi b4
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R R R IRARALER 2 2 | AT DU R0 2 = AL 2 2T SR (0 ] g Rk L RLAE AR SCF 9 b ) AR
TR AR SR AT AR = ME 8 OME R A 2R B0l i 7000 K, B M S H0Uh T H S AR oE | T H mindA4- 1 3h
P B A R 7R BRARAS 2R A BRI A SR LA 2 S AR 1S TR 2 W2 ; @ WA &
AR B AR AILAS 7 > T BT R SR S O 5 2 7 I S 56 (8 7R A ST 5 ) | 3k 4 51 56 e
PA#RAS | I LA AR E 50 51 S5 56 1) 0 P @ MM 36 A 32 B RN AL 8% 24 I B AR AR 25 AR
A A S B Can s T RS R R B 25 B AR ) | AR A B A PR | X B S O TR A A M A R B
{HAETI PO 205 10, PR A SCION T BRI A kTR 5 TR0 A

AR B HE AT FHLAS 2% > SR S S AT S Ak 4 9 B SR T R SR, e s
Ab 5 HL AR ] SL B LT Python Hh &, HoP AR GEHLAR 5 2 S5 BE T scikit—learn 512 A S B
(Pedregosa et al.,2011) , TR 2% > LT MXNet 215238 (Chen et al.,2015), TR 2% ) Bk
AT GPU S, HR 4k is B BRI (ANt E R R S 45 T 40 B LR
THRPLAERE ST,

3. BiESRIE S AL

ARSCHEN 1997 4F 1 H % 2018 4F 10 A P A Beilidg A Lili A /A BF S REAS | Bdis Sy H A5
R OMT 1996 4F 12 A 16 Hild EIUESRA2 5 Bt MERYIRIE S 38 5 B %t b 1 00 1B 22 0 5 4 (958 B S AT
109% 1) 5K 2% e BEL 1) | Ay ab B 3k — B R 28 5 ML 9 28 A XTI 58 25 B 52 ), BE AR DA 1997 4F 1 H IR
VR AR Ry 1 TR SC S8 PR 1 — 3 (Jiang et al.,2019; 8 AE A1, 2018)

{5245 Green et al.(2017) , A SCIEH T 96 A wlFAAEAR S AR HE S 2 K+ | I3 B @ 1% 40
B =37 R ) v R 1 1= 1 R 7 £ o 1 7. o N 5 5 o S AN NG Sl U B P € N
I3 R ZERENAT AR SCR R EERR AT T A BRI FE ol T b ) W B R I ) A AR SR S A AR
110 R A T O 2 (S S 1 40 32 43 T S PR AT 7S B 20K B CSMAR 308 3, o 7 T 4f
T ALY 2 0 S 5 DR A | AR SOR AR HE 0 98 7 5 0 iR 38 T TR S T

AR Sk A i A Sk R IR R U O R SR A BRI AR R A T EIN 1997 4 1 A
JRCER W g ZE I i A B B 1996 4F 12 ) 96 NS R T 8 -1 IR 2 "R AE AN ¢ 0109 A R0 £R
R S BRI R A <28 vl — H 5l

VUG B EE R A BT S BT A IS R T ii b ST RSV 85 3, A7 A 18 Tl XU, | oA sl B Xof A 5%
FEAERRAMG S AR SCHIBE T ST BESE ; Al A T M S8 4346 b 4 0 203 1) oAt 1l 24 w) A8 3¢
WHIRE T Sl i F PO AN RN F A7 A e S 1 i 58 — 4R (9 e A0 m BB A2 AE S5 ik 8, AR S
WHIER T SR b8 — AR B, IRl B0 e i AA e — 2 LU A e S A, A PR R 43 R P 4D

@ Bt K 2 e R S AR R R R R R R SR, BTSN Core 17-6850K+32G +
GTX1080Ti(12G)

@  HARS R iy r 2T Ui e i E Tk 25 M3 (http - //www.ciejournal.org ) B KL

@ T EES A I LS T A RE B A R R YR b T AR R B I R A R A S AR
SR Z B 4 TN B BRI [ B AR A 3 AT B 9 TSR 19 1 AT P g i 52 T
i3

@ R P K R G RS 6 5 G I TR B A AT ST AU Z — B Hou et al. (2019)
F G — WA HF TR TR T 447 ASSCIRT RGN R R ¥ B TA ST G IR 71 W3
PE, B WA B DRt A SOH S ARG 56 25 SR T (P DAk 28 95 ) I3 (hitp < //www.ciejournal.org ) (4 B |
BEA RS S
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DA HE HUBCERAESS ¢ 7 Was BOE A2 AR B GRS FR RO 3 S5 s 1, L4 7 3730 4R 1E ), T 31
BRIZBEEAE 0y ¢ R BT A 5 ; @7 3 HBCE I I FE AR 7R B 2% L 0 378,

TESIBR ST MR A il e B2 b i 4R 80 JF b B 58 S R (B fS 1997 4F 1 H 2 2018 4F 10 A
HIA AR R 381062 45, B 3 /R T 1997 4F 1 H % 2018 4F 10 H A A MMAR . BAKE ,
HBEFEA BRI 23 TS 1997 45 1 H 19 307 44 80FEAR TS 2 2018 4F 10 H 9 3211 %%,

3000 4

2500 1

2000

1500 {

1000 - l 3‘

|

500 |
~ 0 & © — o oo < vu O >~ ©® & © —~ o N F n O -~ ©
[ =\ N =) W = R e i = T e L et e e S e B e B e S e R e B
AN O O O O O O O O O O O O O o o o o o o o <o
Al S e I o NN oN Y o I oN RN oN I oN I o~ I oN IR oN K o BN oN NN o~ IR oN NN o~ INNNE oN RN oN BN oN BN oN N oN |

B3 #EEPHAERUHELE

AP ik gt s, AEFE 7 BUEAESCE R S0 B R E 2R, 1l fe 5 20
7=, H N @ g3 KB R AE AL 0 s o B 32 S 0, @8 G 25 S A 5 R ER ML AR o ) Lk Ak
U SIGE BE VNS . F It AR SOB U ZR 2 5 An AL R i BEREA R A R — Mk 0, i = 1 IFE
ML briEfL TR .

X-X

Ty

Xscale:
ot X o AE B X B0 (AR U 22

W OSZAEE R E A

1. NSRBI RGWEAEEXRFERE A RTIHHES

AR SR 36 1 BILA 2 > BIK Sl ) FEA T B AL AR SR TE A IR R SRS, £ 1 AR T 12 Ff
PLER 2 TEAE 12 D H B\ E AN 2 dH G 23 H G2 S H ARSI 5T AT T, %
g T T R M TR AR R S ) 2H 5 IR AR (OLS) | FRL R A 36 P 34 A £ e v B T (L DAL A
LA Wi (SIZE) AT 468 Br i 4 (MKT, X2k ) .

WEE Panel A A LUK L. M 225 204G W25 W] DL M S5 0 B0 D) 755 280 3 i 3 48 il 25
(MKT), @7 1 B 55058 A 80P § T4 Ve [nl VA AR A e 8 A B e 4 1) B DR 1 B 42 3, 7
THEAmMEABE N ELE, QF L IERAR ) LPEPLAS 2= > B % (FC, Ridge, Lasso , ElasticNet
PLS) B RS RAT HC AL UHE OLS M1 B8 & 19 22 25 2H 5 W dii | 2 WAL o ~) B30 1% R A% B 4 1 U031 1A 5 1)
YL G Z T3 T3 B8 S48, AR LMD A% 2% > BBk VAT 5 BR U8 A5 L A MR S I TR AP 1 B A
WBoR T RN FHEAEL R AAETE, Hd ,GBDT XGBoost F1 DFN = FJF £ P 35 7k 4 ok 1 # %¢
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x1 MBEIRIWEAEEXRFEEE A RTIHHNRESZN
Panel A .20 & & 55158
Z3 i 23kl A ZEWE
Mean FF5-a B mean FF5-a B mean FF5-a B
(%) (%) R (%) (%) I (%) (%) [
OLS 2.35 0.82 0.7108 0.34 -0.97 0.0460 2.01 1.58 1.5088
FC 2.62 1.00 0.7853 0.34 -0.76 0.0463 2.28 1.55 1.2931
Ridge 2.41 0.88 0.7334 0.33 -0.98 0.0422 2.08 1.65 1.5469
Lasso 2.44 0.87 0.7409 0.36 -0.98 0.0527 2.08 1.64 1.5300
Elastic 2.46 0.90 0.7489 0.34 -1.00 0.0473 2.12 1.70 1.5694
PLS 2.48 1.00 0.7549 0.19 -1.13 -0.0084 2.30 1.92 1.5709
SVM 2.52 1.00 0.7770 0.27 -1.06 0.0199 2.25 1.86 1.7378
EN-ANN 2.59 1.01 0.7910 0.25 -1.07 0.0124 2.34 2.34 1.8082
XGBoost 2.72 1.04 0.8310 -0.01 -1.32 -0.0782 2.73 2.15 2.0066
GBDT 2.67 1.03 0.8143 -0.01 -1.31 -0.0779 2.68 2.13 1.9264
DFN 2.86 1.25 0.8595 0.08 -1.10 -0.0470 2.78 2.14 2.0150
RNN 2.52 1.10 0.7871 0.00 -0.01 0.0763 2.10 1.79 1.9794
LSTM 2.86 1.18 0.8584 0.29 -0.01 0.0298 2.57 2.01 1.9670
SIZE 245 0.51 0.7068 0.72 0.02 0.2034 1.73 0.27 0.6823
MKT 0.61 -0.01 0.1795
Panel B 27 Ifi i AL 4% %8 R 0 L4519 Newey and West (1987) t fH
EZ iy 23l A EZA iRy

mean FF5-a mean FF5-a mean FF5-a
OLS 3.2755 3.3728 0.5299 -5.1562 6.6004 5.7030
FC 3.8991 3.6078 0.5548 -3.4657 6.5055 4.3407
Ridge 3.3631 3.6109 0.5136 -5.1797 6.8460 5.8722
Lasso 3.3815 3.4890 0.5543 -5.0803 6.6450 5.7436
Elastic 3.4190 3.6474 0.5301 -5.1316 6.8489 5.9722
PLS 3.3824 3.8011 0.2884 -5.5474 6.8837 6.2067
SVM 3.5469 4.0976 0.4103 -5.5382 7.5761 6.7214
EN-ANN 3.5553 4.2140 0.3784 -5.7212 8.1185 6.7538
XGBoost 3.7138 4.3610 -0.0138 -6.4265 9.0991 7.3924
GBDT 3.6357 42110 -0.0139 -6.3163 8.6613 7.1469
DFN 3.8534 5.0756 0.1255 -5.7653 8.5983 7.6142
RNN 3.5811 5.4974 0.6519 -6.5062 8.4566 8.9661
LSTM 3.8501 5.9988 0.4477 -6.2635 8.0456 7.9333
SIZE 3.3326 3.2667 1.2327 0.1332 3.6258 1.6174
MKT 1.1757 -2.7593

AR T 2 i A 12 A H Wt 1 REAR I 1997 4F 1 % 2018 4F 10 A,

G RN EE, ZFHAHEWERBEAASEOLS B IH 5 5T T 33.33%,35.82% Fl

38.30% , % LR W 4 AT+ T 27.68% ,32.99% 1 33.55% ., @IRE 24> H ) DFN 5168 i

I TR R AR LR PR A | SR B VR 2 o) VA RE A B A O AR AR R AR . L A)  Panel B
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BRI A LS S BRI AR 1) Newey and West (1987)t fHBI N 1983 . B2, A Pl
>J 3K Bl Ay LA T o A A A TR 3 e B IR R R PR (12 DA B DR TR R BRI TR
AP SIZE 225 HA H W EE N 1.73% , %5 1 2 3% 2R 0.6823) , & WAL &% 2 ] B3 R g 45 ot 5t
AR TH AL TR AL () BRI,

H T [ I 5 T 4 Bk = A A Al s LR S A 22 S0 AT 4 T 109 09 11 S 2 5 L T DAOGTE
Panel A WIS BN, ZL AR M E T kA A mlEs, R 2S5k FERET £
33k ~F MRS XGBoost LSTM H1 DFN #4) # 119 fif 22 41 7 BE 5 25 45 A X 4 i A 9 Biessk , Horp R B 4y
M2 T DFN A1 LSTM Fill i 2 40 6, 8 OLS T & H FE W as T 8 21.70% ., [FIET Panel A '
5 —A7T (MKT) R | [F0_EuEZids i3 H B £5 00 0.61% , B AR, BT FF5-o F1E L
BN EEAL —FE I AT L | 5 ol AR T 15 5% SR G 1) 22 Sk 2 3 B B T 4 BR0 ST Bl g A
DR ] 5 W £ o FEAE v B T S 0l R

KIS EAL#S 2 2] BRI T A G PE I A B R (A i vk R 2 JBOR T &R HLER 2 I Bk S
OLS [5] I i 4 2 5 0% 20 5 I 25 %6 22 5 b 35 PE ARG 96 25 21 | DA M R B4 ) DN A5 AU A X T Ho Al %
GEALAS ) R I £ 22 AR IR Z5 5 L R Bon | LT Ir A JE e M pL R 2% ) Bk R Lt Il A 4%
S W BT UE BIAILAS A ) Bk e ik DR BB 1] % AR e A A AR T BN, X DFN
5 H At 55 8 T 0 A4 R 1) A 4 45 R B 2R DFN BB 6% 12 3 BBk Ridge \Lasso \ElasticNet \PLS 1 SVM 3k
A5 T AR BE SRl UE W] TR B 2 ) BRI AR A S A AR

%2 ETF Newey and West(1987) IR R BgE I =ER SR (12 M ARFIEND)

OLS 5 HoAts 53k DFN 15 HAb 5
2 HE = A LG ES SRS 2= A ZEUE

FC 1.8044 1.8044 0.0201 FC 1.5921 -1.6284 1.8126
Ridge 1.4412 1.4412 -0.8061 Ridge 4.0901 -1.8952 3.4790
Lasso 1.4247 0.4539 0.7950 || Lasso 3.8110 -2.1672 3.5617
ElasticNet 2.1662 0.1431 1.5268 || ElasticNet 3.5755 -2.0009 3.2768
PLS 1.1332 -1.3566 1.4788 ||PLS 3.1101 -0.8950 2.3957
SVM 2.5459 -1.1565 24288 ||SVM 2.9808 -1.5177 2.6016
EN-ANN 1.6926 -0.7538 1.4916 || EN-ANN 1.8888 -1.2340 1.8226
XGBoost 2.6377 -2.7590 3.2382 || XGBoost 1.0217 0.6688 0.2266
GBDT 2.3413 —2.6646 3.0821 GBDT 1.3841 0.6528 0.4485
DFN 4.2601 -1.9629 3.6477

RNN 1.1670 0.6897 0.3742

LST™M 3.5156 -0.3451 2.5548

2. IBFIEZEHNENEAEEN R AERE A BHHNER

T W b U WAL 2% 2 B AR T APk [ H RS A SR T, AR SCEE U T Ridge Lasso
ElasticNet \PLS .EN-ANN  XGBoost .GBDT .SVM .DFN .LSTM .RNN & 11 Fi#ll#f2% 21 5k (i F FC
BEARAURE OLS BHH LA, S U R R AL FC)  TERE MU L I B fili 2 A @ e i 5, Bk
M5, AU (Ensemble ) A 11 FALES 4 > B3k T000 19 A Y eSS i 78 ¢« A R B 258 .
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FT3WART 3N 124 24 4 H F36 A 1 3h 1 BHE UL B s Sk, 3R 4 WX
B 5 S VAT Y 2 S AT B AR A5 R BN BR 36 A M A Ak S T AR AR Y
FEA TR AL B R A 2 a5 A Pl i 2 as A 8 RERS IR B UL T OLS B3k B IR 25 A XL

W ] A #i

*3 ET 11 MHNSEIEFERNEATAEUREEREARTHINBRESEH
3AAWEE A 124-AwEshe N
LG ZI WG ShHE LA Z MG kWA
Mean (%) 2,56 2.60%* 0.04 2,98k 2.8k -0.09
(7.0439) (3.5751) (0.0683) (9.2611) (3.8840) (-0.1451)
FF3-a(%) 2,38k 1,348 —1.20%% 2,67 14155 —1.46%5x
(6.7331) (4.7965) (-6.8497) (8.8577) (5.8175) (-8.1355)
FF5-a(%) 2,185k 1,204 —1.2] %k 2.55% % 1.28%5 — .48k
(6.2674) (4.7571) (-6.2301) (9.2451) (6.1019) (=7.7384)
R 1.4698 0.7715 -0.0651 2.1736 0.8720 —0.1085
24 A st g 36 MR EH
SHE 2B LM E LA ESN ey kWA
Mean (%) 2,697 2,78k 0.09 1,96 2.4k -0.45
(8.0896) (3.5986) (0.1321) (5.8373) (3.0867) (0.6592)
FF3-a(%) 2,37k 1.33%% —1.24%% 1.70%%% 1.06%* —0.84
(7.6746) (5.1849) (-7.3478) (6.2174) (4.4701) (-4.6277)
FF5-a(%) 2,175k 1. 13 —1.245%% 148 0.857%# —0.83
(8.3591) (5.4178) (-6.7986) (5.1328) (3.3757) (-4.0735)
AR 1.9439 0.8296 -0.0398 1.4439 0.7216 -0.0912

WA E] S 1997 4F 1 H %2 2018 4F 10 H .

x4 ET 11 #MNSFEIEZERNELAAEUREZERSEELERAER
WahE o (A) L E2 N R LG
3 2.1306 2.2565 -1.4317
12 6.5091 5.2342 -4.8208
24 5.1849 4.3609 -4.2635
36 0.6321 1.4356 0.2487

3. EEXGHAMBEIESH

PR 2R Sy BB 38 oy AR A T T O R R R Y SR SR AN 2548 ARG —
AR T AL AR A 2 B B 18 LA T A TR MG TR AN [ 38 5 WU T IR I, A SCE T A L AR
(Transaction Cost,transcost) N1 0.50% .0.75%F1 1.009% 1) —FEIE % 5 R T =Fh 32 5 A i
BT ARSI TR, M35 AN 0.50%0F | 4 Fh FEAS TH &2 A 15 5% 5R W ATh e AR 15 e 25 10

@ 3% LA ] AG 56 v A 5 B U 45 8 TP A 36 95 2 1T 5 1R b Tl 28 95 ) R 5 (http < //www.ciejournal.org )
(IR
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B AR DFN B AN SR AR B AP i R B, 228 5 AR 0.75% ), OLS \Ridge il Lasso 51240 HE ) 225
G AR AN 2 A 2 s A A RE O i AT AR . W22 5 AR 1T E 1.00% 1,
XGBoost ,GBDT 1 DFN ixX =581k iy ~F- ¥ Wi 25 475 1 35, 1M B A 389 28 Fama—French K 78 5
AU R AR 3 IR R A RTT BRI S 5 AT N T 0.5% , A SO Y Y R A
T 2 Ak A3 SR W AE AR PH G B AE ) AR TS 8 AR A5 3 I U 2 5 KU R T i 2

x5 MBEFIBRHHNEABEURARBE=ALZIRANNETHERAZY

transcost=0.50% transcost=0.75% transcost=1.00%

Mean FF5-a 2 Mean FF5-a 2 Mean FF5-a A

(%) (%) iz (%) (%) B (%) (%) R
OLS 0.80 0.58 0.6710 0.30 0.08 0.2521 -0.20 -0.42 -0.1668
FC 1.07 0.55 0.6675 0.57 0.05 0.3547 0.07 -0.45 0.0419
Ridge 0.87 0.65 0.7209 0.37 0.15 0.3078 -0.13 -0.35 -0.1052
Lasso 0.87 0.64 0.7109 0.37 0.14 0.3014 -0.13 -0.36 -0.1081
Elastic 0.91 0.70 0.7474 0.41 0.20 0.3364 -0.09 -0.30 -0.0746
PLS 1.09 0.92 0.8176 0.59 0.42 0.4409 0.09 -0.08 0.0643
SVM 1.04 0.86 0.8846 0.54 0.36 0.4580 0.04 -0.14 0.0314
EN-ANN 1.13 0.87 0.9586 0.63 0.37 0.5338 0.13 -0.13 0.1090
XGBoost 1.52 1.15 1.2099 1.02 0.65 0.8115 0.52 0.15 0.4131
GBDT 1.47 1.13 1.1465 0.97 0.63 0.7565 0.47 0.13 0.3665
DFN 1.57 1.14 1.2311 1.07 0.64 0.8392 0.57 0.14 0.4473
RNN 0.89 0.79 0.9306 0.39 0.29 0.4062 -0.11 -0.21 -0.1182
LSTM 1.36 1.01 1.1327 0.86 0.51 0.7156 0.36 0.01 0.2984

X LT 12 DA M s i 1 REAR X 1997 4F 1 % 2018 4F 10 J1

4. SIBHEREFENER SN

FE LR R 06 A B rh AR SR BT (R IR T (size ) W 1Y) 2225 LS AR AR IR 25 56 0 20.76% (5% T B
Wi 2R 1.73%) , 0% m TIHALE T, 8 T RSB R B2 2 size B 195K 3l i - 2 4
KrfE BRA R, A SO 96 i K T4 Hh AIBR T R F (size ) AT W EE H B F (size_ia) ,
FHF 4y 94 T K A o iy AR I SRR T SRR T e A PRI | SRS R R FE S R T R
Jo | 45 AR B $ G B AU A 7 £ (96 TR ) I 7 AN AFAE W] i 22 5% 1 OLS  Ridge .GBDT ,LSTM F
DFN FLAN G2 0y I G200/ N iR T, T RE A0 J5L R 2 size PR 5 A DR AR AR B0 B AH DG DG &, Al B
Z 5 RO R 158 4 e 2t 5w i 4 T BN SCR | R Z SEUESE IR WR MLAS A% 2 3K Sl Y SR AT Ak
PR A GO AR B size B 35 M2 2 K7L W AR ) 45

. TR EORNSN

B 12 S AW shta 04 A SCd a5k T 3 24 A 36 AW shds B, SRS
SR BR 36 AN W st 1A DFN Sk B 00 T AL AL &8 2% > S A OLS 1 Tl &4 S (46 2 %5
WA MEZAE), Wik T 12 A3 C e Ir i 25 58 00 — etk . ARl 3 8 1A% L 45 S ok
B R B UIZE X B (n 36 A~ H ) B SO 855 10 3 A~ H 12 A 24 A H i sh & 0t
G TEI] 25 5

@ X HEBAFR — 43 B S S A AT U 1) (PR Tl 28 55 ) 3 (hitp « //www.ciejournal.org ) B4 3R HC
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B, #—F oM. AR TWEEM

[ 245 55 AN 9% ) S % B 50 S 2 DR 7 A AR T S A AR R A e i B DA s v R
i L AE S R i) SR TR A, AT AAAILES 2 > 5 A — 2 17 A0 v R S e A 25 Y
W HE ASCHUER A 14 MR 5 7 ik, @?ﬁi?Kﬁgﬁ\OLS\FC\PLS\Lasso\Ridge\ElasticNet\
SVM . EN-ANN . XGBoost .GBDT .DFN RNN I LSTM & , v 5 PR 7 46 56 2 4% 58 0% 7™ 2 A iF 92 oh B
K FHBIRT3 75 1% (Bali et al.,2016), %t F A7 vk A SO L BRI — P 5 i 0 5 6 2k R 1%
P A BB ORI RS 10 2R e R PR BRI 100% , T8 A% P 1 B 2 4 501 0 44 R A 325 99 2%
B RAEPTEAFE] AR ORI 8 H 2P BUE AL T 10 20 A9 FAE M B2 N 1

6 JBIR T B TR G rh 2 0 PR LA R A5 PR T AR A R e Bk A B o B
MIREL, Horp 25 A48 . OLS \FC PLS Lasso .Ridge .ElasticNet Fl SVM®Y4 7 Fr; JEZ M50
& :EN-ANN .GBDT . XGBoost \DFN RNN Fl1 LSTM 45 6 F' | 455 Wow | = 245 50 Iy 2L B 0k 28 5 B 4

X6 HEFREIEENEFURSINELZENELMEELZIMEEERFTH
HIDREARDF 4503 XHNEREREF

T A (KRB N RN 7) AR AE (KRB N K 6)

SR PRy 2 ) A P2 5] N=4 (SR P2 0] N=3
stdvold 5 o FE A A 1 aeavol I o BEAE N T 7 beta I o FEAE N T 4
LM 2 oy BEHE A T egr A 7 lagretn Bt AT 4
turnsd 5 o FEAE IR T LM o FEE IR T 7 retvol Lo FEE AT 4
rd_mve A turnsd o EE R T 7 abace A 3
vold o BN CFdebr | W55 Ui gl A 5 6 aeavol 52 oy FEFE I 1 3
chfeps BAP T illg 5 VEARE N T 6 betasq I o FEEIN T 3
retmax 5L o FEAE R T skewness | 5o FEE AT 6 egr AN 3
geavol | KSEEHET  chfeps | BAIET S |idshewness | 55 EEBEA T 3
lagretn B retvol o FEAE R T 5 idvol Lo PEHER T 3
illg Ao PEETR T tang F 553 2 1 155 5 PMG A 3
skew 5 oy FEHE I 1 vold 52 oy BEE I 5 ROE BANH T 3
size 5 oy FE A A 1 idvol 5L oy B 4 shewness | X BEHE I+ 3
idvol 5 o FEAE N T retmax | S FEAE T 4 stdvold o FEAE IR T 3
SGINVG A sharechg | 55 FEAE AT 4 turnsd Lo PEE IR T 3
pchsaleiny | W55 I s 1 R 5 vold 2 BEHE R F 3
momchg | SHEHAT
size_ia 5 oy FE AR N 1
mom_36 Bt
retvol 5o FEAE A T
sP a7
CRG o 55 it S 1 X
depr e

@ K SVM FIALRPERIE A 12 4 F W sh 6 TRy RS IR S e 4% T 2% HJOR iR BCR 2R 1
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W AE e A b, (B FZRRRE T e th AV 2N 722 7 W8, TR = 2RBE S B2 N 11y
Spearman P 28 Bt i 7 HH L 2Z [8] A AR SCRE EE R , He b LA - AN PR Rk A 28 I AR G &R
B 028, LA T AR AL B TAHIOC R ECH 0.08, e MEMARZ ML B T HIOC R ECH 0.13,

ASCHE— LG T 258 13 BT 0 o B2 7 iU, R 7 R T 16 DMk ik
WOl 5 KRB 2N 7 Hoh 22 5 BEEZR IN 1 11 T SRR R N 778 A JBET 3 HAT A i i) B0 A
J1. 7 R I 2/3 15 G N AT T 2 w0 55 i S Bl R A (O R | A A S
TN R T ) (B 25 2R I 7 1 S DA A o T i 3 4 T BE 0 AR s O 0 B4 2N T 2 O R
I ER 52 Ty B T S AR B S R T A AR A S S R (aeavol ) JBEAR AL 55 24K (e gr) RIS T
RPN R (turnsd ) P11 9 B2 1 I ORI 22 | DX = 10T [H] 17 v [ T 3 B A AR o 1 T
AEST, R JB/R T KN THEZEN I, FE2uR 6 280 1, 55 EEE S N 1 i ok o L 22 1A
TR 52% , EW 5 b JEE 45 DR - ARG S 56 14 900 B 3 O AR J2 il 158 5 BE B TR 1A B o F AR
B, RIS A R R A T s AR A BT b O BE 0 AR R

®17 SMFMIELMEER R REPREED s RNEERTF
75 (SISR P44 P72 0] N
1 aeavol WA 2 4 S A oy oy FEEH T 10
2 egr e A A 2 A A A T 10
3 turnsd e T30 P 3 % 5 oy BEEIN 1 10
4 LM P HE AL B TR A oy BE I T 9
5 retvol SSIETIES oy FEE T 9
6 skewness SR A 2 Gy FEHE TH ¥ 9
7 vold 2 5 oy BEEIN 1 8
8 CFdebt B A b W 55 i sh vk I T 7
9 idvol S O gl 3 5 oy FEAE A T 7
10 illg AR 3L Bk XU 3 o FEAE AL T 7
11 tang BETRE 1 /8 W08 553t 2l 1 PAL 5 7
12 chfeps WU 4 M 2 0 2 A, BT 6
13 lagretn I 5 T 6
14 retmax - FNEER 3 o) BEHE IR F 5
15 sharechg ARG 5 oy BE AN 1 5
16 stdvold 52 by W) B ) A 5 oy PEABE A T 5
x8 BERFHHEPBEL S ANEZERF AL
P72 5] ESRR¥SE 14 8 A (%)
o FEARE N T 21 11 52
WA 55 U a1 PH 5 10 2 20
By A ¥ 6 1 17
RIS 14 1 7
A ] T 35 1 3
IXECSER 10 0 0

75



ERENBZIRINERAEEUREFHR

A& Gy VR 48 IR T i 1) T 6 7 FT R DA R P RN . (D3E B PR IR - 2 R K 22 ) B e
ARG , MEPEE RO E T2 E R (RS R B A 0 S R R FE R
P, NI AR B ), Rl O R T e b sz W AR T 3 B 2 B T @3¢ ) PR 4 TR - P AR R B 3y
LL aeavol R 5], TCie 28 5 A A el A5 4k, | 17 37 %58 28 mJ OS2 4 04 B AN 23 KR 5

Ja , 22 9 HB/AR T LIIX 16 W E 2 N AR N AR AU AR @ W A A sk, s8R BRI a5
AR T A AE N R IR 8 Horh DEN BT S IF SR I, 25 H A8 55 T 3.419%09°F1
AW, 2% 3R 2.0182,

=9 MBZIRIWEAAEU R FRENR RSN
EDY A LA E

Mean FF5-a B Mean FF5-a B Mean FF5-a B

(%) (%) R (%) (%) FL (%) (%) H &
OIS 2.65 1.08 0.8192 0.10 -1.19 | -0.0405 2.55 2.06 1.6652
FC 2.84 1.18 0.8612 -0.15 -1.31 -0.1283 2.98 2.28 1.7573
Ridge 2.65 1.08 0.8192 0.10 -1.19 | -0.0405 2.55 2.06 1.6652
Lasso 2.68 1.10 0.8292 0.06 -120 | -0.0527 2.62 2.09 1.6744
Elastic 2.67 1.09 0.8240 0.07 -120 | -0.0483 2.59 2.07 1.6652
PLS 273 1.16 0.8462 0.04 -1.16 | -0.0619 2.69 2.10 1.7739
SVM 2.51 1.00 0.7811 0.12 -1.18 -0.0335 2.39 1.97 1.5760
EN-ANN 2.46 0.85 0.7570 0.30 -0.98 0.0322 2.16 1.61 1.7334
XGBoost 2.85 1.21 0.8789 -0.01 -1.29 -0.0783 2.86 2.30 2.0182
GBDT 2.81 1.15 0.8610 0.07 -122 | -0.0519 2.74 2.16 1.8468
DFN 3.24 1.44 0.9533 -0.17 -1.40 | -0.1394 3.41 2.63 2.0182
RNN 242 0.88 0.7547 0.46 -0.90 0.0882 1.95 1.57 1.5986
LSTM 291 1.22 0.8651 0.06 -1.21 -0.0538 2.85 2.22 2.0861

WL BT R T MEERTES WahE 1R E R 12 A FEARX A 1997 4F 1 AZE 2018 4F 10 A,

N, BRERET

1. ARER

ASCWEE T 1997 4F 1 H % 2018 4F 10 H A IR R 96 5 R K+ #1712 Fhblas: 2 &
TRIR B B S A T AL AR TR | R G T BT ML = B S A R AR L 2 [ U A AR R A R
T 37 AR I SR S8, ABLER 24 2T AR 50 T S e D P AE A A P ) B B3 SRS SRR B0,
Xof HG AN [ 28 A0 Bk A SR SR8, T LA & B R AL 28 27 ) B R IR T B IR A vk [l DA A A i
LRPENLAN F > S RIS TR AR 2% 2 S0 TR 2% 2 S IR A6 ) L R 6% AR S5 g 1) 55t
B, X — G5 R G R P R A TR A ek Tl A X AU A A Ze MR X i HLas % ) Bk e A
SR b i A e MR DT AR A5 T e 1 T R R A B i s, R R 56 S | LR 2 2T IR B )
FEA ] AP R BIARITE S S S KR A8 5 AR AN [FI S80S G T8 i S R AR Mg, AL AR 2% > L A
el R I S G TR A — PR E BN WHLE 5 S & Lllcss A5 5w 22 o i AR
FE 1N 3E Ty FEE A S TR Xof e S5 A8 S 25 A A 1) TOUIU 6 7 [RD IR AL 2 2T 9K B0 1) A T it A A3 0 OR
[ P R €l B W S

76



o B XL AR SH 2019 £ 8 1

2. BREEW

(DRSO LR 7 S AR L T MV B B R TS E B B BT s Ml I AE & T A
Bz g R A PSR . i T PILAS 57 > Ak SRR S5 0 A B O S OB S & L fnis HIAL &%
2] Bk NSCOR PP R OB 5 I IR AR S ;. @7 £ B 2 MV B 2 v ) B0 [ L AL 2 > 5
A VR T AN A8 ) JUHORREA SN I A ROR . A SCRGEVE IO Lo T 12 FhLAR 27 > A 7E B
Wi A T [ R A SEIE R B ) FE B A A B T — R ] DS e HA 2R e R B
FHIWTIE . WFSEIE R R | LR AR 5 B IR) R A AR A vh AT LR B BF S b B A B R Al ) 5 e ()
AR AR S A A (R I R TR S A AL~ TN 5 3k AT A R TR 3 I T T Y
2 AT B8 R 0 21 U0 AT 9 SRS

(2) 7R SCHYBIFFE A5 e Xt T LA b [ BB S A A T I 4 A T 2L R s o X AR GEF 58 2R 45 T4 5
S G AR SO A AR B R R A R AR SR 2 S R D T B 2 RO R SR T £ R R, B R
B, 52 T BEABE IR 168 1 o [l P S A T A 4 AT 6 E RS2 R A T S T R TE A AT ST
HBE AHILAR 27 T B 0L A BEAS e B A% GEBIE T A — o A e S AR T WA 4 2 R DR 3R X — WE 5 07 3R AT
P 2= H A RIS Iz

(3) ARSI FEEEIE R 5748 BAT b SC AT £ & (R /R, B REALR I AR R B 74 BTk i — K
U T TR A A B B B A AR IR R P AR SO A B Bl o o) RE A U S 4R T
PR B BCR MRS PRI T — AR R T R AR SO RE A i f A 15 5 Y R O N TR i
(T HLER 22 2D )BT A B s FH PR 7T — DA, AE S Priz FII | 587 A8 B W)t ] DL B v 25
o AR SO AL BE R R KA By T B A LS B A T R

(4) A SCHWIFFE 0T T4t [E 0N T RS AT — E e 7 . N R O — 3000 IR B FR
A LAAE 48 ATl B9 2% A 05 TR $5AF HT RE 88 A R0 7 48 BUAR R b XU, A SCRY IS o B e PL 2%
2 R B 0 B A BRAT Y, e N TR REAE 4 R U Y M R E L RS R B BB BOR RE 4 Rl A L 4T
BT SR LR ER ) & BN G| AL I 7 G Rl K200 2 1 b S e 2 8 R <3 il
BRI MG il e RN 2R 8t A B T 4 A R < R BE AR B R A KU | S TR AR AR . AR SOy
WFSE A 1 — 20 3 R T 58 N T2 RE A 7 <5 R A M ) 7 P 5 9%

(BE k)

CLYSARE AR . 2 SRR A BT 2R ok [ b [ I ST 3 I SRR 5T ). A ELIEBY ) 2018, (8) :41-54.

(2)B 5, T, HLAS % 2 X 5 22 058 B 52 i F o8 1k B[], 0% 2434, 2018, (7):115-129.

(3)2Z0k , MREE | FEIST. ML-TEA: — &3 FHLas% S A AR M i b B80R STk ). RE TREIS 5908, 2017,
37(5):1089-1100.

(4VIRAT IR EL A T3 n R 5 R IR R (], @ miFse, 2011, (10):140-154.

(5)709A, 58 ZRP85T, WS ) A mh St n H . 2 DTk 5 )], & mFsT, 2017, (5):111-126.

(6 W 2 22 WRERR. 43 A U i B ALR B A 7] 20 1 M —— 5 T A0 5 i 3 SCA 43 B 9 SERE I ()], v Bl &2 0%
2019, (1):156-173.

(7)5K88 VESR R, FEAR M AR TE . s IV 55 4347 R Ak SR g AR O Al g5 (M. Jeae . dbat ket 2017.

(SUEAE. HLIEI[M], Jbt, WEKE IR 2016,

[9])Athey, S., and G. W. Imbens. Machine Learning Methods that Economists Should Know about[J]. Annual
Review of Economics, 2019, https://doi.org/10.1146/annurev—economics—080217-053433.

[10)Bali, T. G., R. F. Engle, and S. Murray. Empirical Asset Pricing: The Cross Section of Stock Returns[M].
Hoboken, New Jersey: Wiley, 2016.

77



ERENBZIRINERAEEUREFHR

(11)Chen, T., M. Li, Y. Li, M. Lin, N. Wang, M. Wang, T. Xiao, B. Xu, C. Zhang, Z. Zhang, and Z.
Mxnet. A Flexible and Efficient Machine Learning Library for Heterogeneous Distributed Systems [R]. Neural
Information Processing Systems, Workshop on Machine Learning Systems, 2015.

(12)Cochrane, J. H. Presidential Address: Discount Rates[J]. The Journal of Finance, 2011,66(4):1047-1108.

(13)DeMiguel, V., A. Martin—Utrera, and F. J. Nogales. A Transaction—Cost Perspective on the Multitude of Firm
Characteristics[R]. LBS Working Paper, 2017.

(14)DeMiguel, V., L. Garlappi, and R. Uppal. Optimal versus Naive Diversification: How Inefficient Is the 1/N
Portfolio Strategy[J]. The Review of Financial Studies, 2009,22(5):1915-1953.

(15]Feng, G., S. Giglio, S., and D. Xiu. Taming the Factor Zoo: A Test of New Factors [R]. NBER Working
Paper, 2017.

[16])Fernandez-Delgado, M., E. Cernadas, S. Barro, and D. Amorim. Do We Need Hundreds of Classifiers to
Solve Real World Classification Problems[]]. Journal of Machine Learning Research, 2014,15.3133-3181.

(17)Fischer, T., and C. Krauss. Deep Learning with Long Short —Term Memory Networks for Financial Market
Predictions[J]. European Journal of Operational Research, 2018,270(2) :654-669.

[18])Goodfellow, I., Y. Bengio, and A. Courville. Deep Learning[M]. Cambridge, Massachusetts: The MIT Press,
2016.

(19])Green, J., J. R. M. Hand, and X. F. Zhang. The Characteristics that Provide Independent Information about
Average U.S. Monthly Stock Returns[J]. The Review of Financial Studies, 2017,30(12):4389-4436.

(20)Gu, S., B. Kelly, and D. Xiu. Empirical Asset Pricing via Machine Learning[R]. NBER Working Paper,
2018.

(21JHarvey, C. R., Y. Liu, H. Zhu. --- and the Cross—Section of Expected Returns[J]. The Review of Financial
Studies, 2016,29(1):5-68.

(22]JHastie, T., R. Tibshirani, and J. Friedman. The Elements of Statistical Learning: Data Mining, Inference,
and Prediction[M]. New York: Springer, 2009.

(23JHou, K., C. Xue, and L. Zhang. Replicating Anomalies [EB/OL]. The Review of Financial Studies, 2019,
https://doi.org/10.1093/rfs/hhy131.

(24JHsu, J., V. Viswanathan, M. Wang, and P. Wool. Anomalies in Chinese A—Shares[J]. The Journal of Portfolio
Management, 2018,44(7):108-23.

(25)Jiang, F., G. Tang, and G. Zhou. Firm Characteristics and Chinese Stocks [J]. Journal of Management Science
and Engineering, 2019,3(4):259-84.

(26JKelly, B. T., S. Pruitt, and Y. Su. Characteristics Are Covariances: A Unified Model of Risk and Return[EB/
OL]. Journal of Financial Economics, https://doi.org/10.1016/j.jfineco.2019.05.001.

(27 )Kleinberg, J., Lakkaraju, H., Leskovec, J., Ludwig, J., Mullainathan, S. Human Decisions and Machine
Predictions|J]. Quarterly Journal of Economics, 2018,133(1):237-293.

[28])Kozak, S., S. Nagel, and S. Santosh. Shrinking the Cross Section [EB/OL]. Journal of Financial Economics,
https://doi.org/10.1016/j.jfineco.2019.06.008

[29])Krauss, C., X. A. Do, and N. Huck. Deep Neural Networks, Gradient—boosted Trees, Random Foresis:
Statistical Arbitrage on the S&P 500[J]. European Journal of Operational Research, 2017,259(2):689-702.

(30])Lee, C. M., and E. C. So. Alphanomics:The Informational Underpinnings of Market Efficiency [J]. Foundations
and Trends in Accounting, 2015,9(2-3).59-258.

(31])Lewellen, J. The Cross—Section of Expected Stock Returns[J]. Critical Finance Review, 2015,4(2).1-44.

(32]Light, N., D. Maslov, and O. Rytchkov. Aggregation of Information about the Cross Section of Stock Returns:
A Latent Variable Approach[J]. The Review of Financial Studies, 2017,30(4):1339-1381.

78



o B XL AR SH 2019 £ 8 1

(33])Linnainmaa, J. T., and M. R. Roberts. The History of the Cross—Section of Stock Returns [J]. The Review of
Financial Studies, 2018,31(7):2606-2649.

(34)]MclLean, R. D., and J. Pontiff. Does Academic Research Destroy Stock Return Predictability[J]. The Journal of
Finance, 2016,71(1).:5-32.

(35]Mullainathan, S., and J. Spiess. Machine Learning: An Applied Econometric Approach [J]. The Journal of
Economic Perspectives, 2017,31(2):87-106.

(36 ]Murphy, K. P. Machine Learning: A Probabilistic Perspective [M]. Cambridge, Massachusetts: The MIT press.
2012.

(37)Newey, W., and K. West. A Simple, Positive Semi—Definite, Heteroskedasticity and Autocorrelation Consistent
Covariance Matrix|J]. Econometrica, 1987,55(3):703-708.

[38)Pedregosa, F., G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer,
R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, D. Cournapeau, M. Brucher, M. Perrot, and Duchesnay.
Scikit—learn: Machine Learning in Python[J]. Journal of Machine Learning Research, 2011, (12).2825-2830.

(39JRapach, D. E., J. K. Strauss, and G. Zhou. Out —of —Sample Equity Premium Prediction: Combination
Forecasts and Links to the Real Economy[J]. The Review of Financial Studies, 2010,23(2).821-862.

(40)Wolpert, D. H. The Lack of a Priori Distinctions Between Learning Algorithms [J]. Neural Computation, 1996,
(8):1341-1390.

Research on Machine Learning Driven Quantamental Investing
LI Bin, SHAO Xin-yue, LI Yue-yang
(Economics and Management School of Wuhan University, Wuhan 430072, China)

Abstract Quantamental investing is an emerging hot topic in financial technology and quantitative investments.
As a representative technique in Artificial Intelligence (AI), machine learning can significantly improve the
prediction task in economics and management. This paper investigates the application of machine learning in
quantamental investing. Based on 96 anomaly factors in the Chinese stock markets ranging from January 1997 to
October 2018, we adopt Forecast Combination, LASSO regression, Ridge regression, Elastic Net, Partial Least
Square, Support Vector Machine, Gradient Boosting Decision Tree, Extreme Gradient Boosting Tree, Ensemble
Artificial Neural Network, Deep Feedforward Network, Recurrent Neural Network, and Long—Short Term Memory to
build stock return prediction model and construct portfolios. Empirical evidence shows that machine learning
algorithms can efficiently identify complex patterns hidden in the anomaly factor and excess return, the
quantamental investment strategy can deliver better performance than the traditional linear model and all factors.
Long—short portfolios based on the forecast of Deep Feedforward Network can obtain a monthly return of 2.78%. We
further evaluate factors’ importance in the prediction model, and find that trading friction factors demonstrate better
predictive ability in the Chinese stock markets. Deep Feedforward Network driven quantamental investing models
running on the selected feature set provide the best performance of 3.41% per month. This study introduces the
machine learning toolbox to the research on quantamental investing, which will further facilitate the joint research
on Al, machine learning and economics and management and finally will boost the national strategy of Al

Key Words: quantamental investing; market anomaly factors; machine learning; deep learning
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