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Abstract

ARTCHET 1985 4R 1 H & 2022 4F H ISRBiA M 207 BRg (), RAM&MEREIE.
MALERIL . Lasso [, U= SEPER LS, /D 3R mH . SR L. B
TH . AR AR T . SRR M 255 10 FRBLaRA S B, R I SR 2 T AR 2 S
B G . USSR BN, Ylas I RIARU A RO RS (HT) SR KR,
RERE AR LT A& (DA SP500 J4fl) modicas, FREMEpLany: ) BRI T Lt as
2535, {3 Ridge M LR FE4 NGRS U5 HR R aR , JHEI 57 R -Wian 2 R AE
HRMREGRR M IHR . A2 T RR (7)) Eflas A BEh s, &
Bz (Return) MRS (F) ARGER TN GE
Keywords: #lgs=g>], Wr=gh, TR T, Boiiia
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TORFBU (052 5 SR (B0 SR BT R 55 . BT E AL s A
DUFRTIN AR B, X LA R n] AT B 7 2 (A B4R 2257, S At AN [ P[] [l 462 74 ] 50
AL o

FARFR A T RIOF AT AR E] 20 28 30 4540, Graham and Dodd(1934) FEAA]
WA Security Analysis (UEZR73AT) [1] H3R I 7O ER N AIMEE, 60 4FAUAT 70 44K,
CAPM Ml APT Hi4pdR 1, AWFFE R 3 1T S th k. Basu(1977)[2] K BL “f&r
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JBRUN” , Banz(1981)[3] KB “/NATERY” , XS5 E R pA A R E T
BERFR A 5. Fama and French(1992)[4] FFX M FRE K, Sidg -1 ILE
TEMP =T, O AR E R T LR E M I R A . BT Fama
and French(1992)[4] [#F5%, 2 FARAIE SRS . Carhart(1997)[5] 7 Fama-French
PR R A LA T S RN (MOM), i T Carhart PUPFAEAL, Novy-
Marx(2013)[6] $ i 2 B8 3 AAR UL AR 2 UIAHOE , 4210 T A1 DU B 742 . Hou et
al. (2015)[7] MESAABBT 2B, #2754 (o- B 784) . Fama and
French(2015)(8] #£ Fama-French = [F-FRIA SR AN T A RBCE WA H 1, 88T
N ORINES s B

TESSUERE P @ Mo 2 L HAE BT b, A28 T 80a D aefg e i il et i 5+
% (HF) AR BB A F0I BRI i ) A8 i, R =2 T “BEF sl il 133635 (Camp-
bell and Liu , 2019[9]), #Z4& M HAAHIT (Portfolio Sort) 1 Fama-MacBeth(FM) [1]
AT IRk 4, I, Hou, Xue and Zhang(2020) [10] #2381~ 452 PR%R, K 65%
(555 ToyEE AT o] > 1.96 fa—iX. Chen and Zimmermann(2021) [11] R T 207 A~H
T, KHEIN ¢ G RXRIR 2 S HER ¢ TR RIARERN 0.88, R2 y 82%. BT
g (B1). FlAZEHEeRE N, B SRR —BE], 5@ Mars-—HE AL
ICETEARGERRIAL . Bilhn, R AR I S aa T ) A 322 th e A /D 54 B ARFAIE A [
H E, WA T REAFRHER TGRS, (EAEAEA SR, SR A%
PO N R E R E R [[RE, BN A B P AR A A B R A A T Y
S, R ESURE AR EA T AL . fl40, Hou, Xue and Zhang(2015) (7]
PAS Fama and French(2015) (8] &P T2 [ T (E AL T 37 #% 5% 21 A AL aq 41
SALFE=DUA AT, XL TR AR A B . BFIRE ) . $ e w4 A ]
FREA B Ao XA AR B, RSN G T AR R G, (A
I TRERER (RME AR AN ), M Fama and French(1992)[4] £ iy =K 145
A, 3 Roy and Shijin(2018)[12] $& A7/ FAEL, FATH T AR B2 AR RAE N 188
B “istlmfE R MBS .

UEAER , ML A 2GRS, B AL TG TR0 T 00 ) A it for R i ) s i e B A R L 2
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TR AT RO R TN AR BRI AN, HEZ)) T SR M Ui & g . Jiang, Tang
and Zhou (2019)[13] T FM [1IH. £ 45047 (PCA). s/ (PLS). HlilZ &
F (FC), MET b 75 AN A ERHE P SIUE B, KIS B, ShafE e
H 1 2 AR A2 e B IR T A oA B S Tl 4R 1) B A i 847« G, Kelly and Xiu (2021)[14]
0T Shgnb s i 2 M 28R R BE R S5 Vs i 5 97 IR S Al ok, B T
N 72 S B Y RE AR A E Hris 2% . Zhang (2022)[15] {81 23 BERE . 245 XUR 2
WMAFARTME S, K PEATTIZHLHIF Transformer ) RNN £ 0447 T B A e
PERE, T CNN [PEREAXT AR NN #8452 . Gu, Kelly and Xiu (2020)[16] {5 Bl
2SI FN B R T BRI, TPRE T YRR ik (WA ML) . 2=
JIAE (2019)[17] ) 12 Fpplans > Sk (RURELIE SR L Mk B AL ) Mg ol ot
PR R F PR Ay, SSUELS S s (B 27 2D S A e (B SR BB S IR 15 LU A% 5 4%
MR B - SE A A P B

AL RIS — A S LE S B RE G A RO B w4 (F1) Ak
Weam A 2 AR LM C 2R, IR T AL A 4R A A RS DS TSI B30 ARIEDLAR
S ST “BeA BRIP4 E R (No Free Lunch Theorem) (Wolpert, 1996)[18], 7
SCTCVETSEFITE R N BIRAE AT S 52 (1) S0 BB SR A A P Rt b 2 SR A B4
I, FT 1985 4 1 2 2020 48 11 A €A 207 WiF5 (F7), ARSCR LM
H. WM ARYE. Lasso [HIH, WQRIE. SpER RIS (iR EIE. SRk EL.
BEEESRTIRE . MR BR R T . SRR 4545 10 RRPLS ST B3k, MR S 25 )
B AR A Gy, RGNS Lt R ARt B2 2] SR B0 SR T A A T S 4 S5 1)
e SRSt ) P )

2011 4 John Cochrane ¥F3%[E 4 gifh<e £ PR (Cochrane,2011)[19] $2H1 T =4
FRERMME, H—: PR R EIN?” B, A SO R 5 A 1 B2 s
BLERA 2T RIS IRAG S AP e B, WSS e T R ? th PRI AR s, F&
IR A Linear Regression JyEFA Ay, HRREHRT ols H HACRAHM, S8
S HFEENE R RNERAE, FEE-SHHACHEREEN RS (HT) &
T TR .
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ARSCAYIESCER I 2 AR LR, IRIEFA TR IF TS M, 0 =Awar: 28 i
(2) WFFEBT, BARIZ RGN0 e Plassy S BRR U], I B R Y T Ak 2
TR, WEARHATRIE AR A B0 (3) Wblde2E I BRI AR S (RIER

FH— Itﬂwﬁ), XTRIRAREA SN DL EA T, LS > SR R T 4 R A T
Bt , AT SRk, RIS DR FWRYBOE , XL SR DA R B B s 5
FPUER (4) NG (W) WEZEMERE (RIFRTEH AN M), Fi10dr m By E 2
¥ B H i T RERY BGIA

2. WFsEkit
2.1. B B ARZIT

AT B TIA R 207 4S5
%, PRERTEREOE AT -

(HT) {H, DA N HAREET HiB 7~ BIR Al

Ri; = f(xiy-1:0) + €, (1)

Hrp fC) & SCHZSECH 6 WREL, FEASCh R 10 Mllgsas ] BEm R Boe, R, AR
P55t IR, Xim1 = (Kimn1s Xigm120 7+ Ximrn) AATE] ETESS 1— 1 BIR T &, €,
RARZEL, A SCRFE R —H 8l B 10 Fhblas2s > B

1985-01 1985-02 | - 1985-12 1986-01
% 1 ,H,H FATR TR SR FARTE FFR
EEe FcatE EENSE FAMia e
@
1985-02 1985-03 | - 1986-01 1986-02
% 2 ,H,H TAETE FHATE FAATE FHETE A&
FAE EENEE A EONHE | HAlGE
0] @
2019-11 2019-12 | 2020-10 2020-11
% T ,H.H TR FAETA FAEFR FHATE FAEFR
SRRSA A P R D ¥ o PR
@

Figure 1: e A IGn g [l =12, 2K =1]
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XFRE—AFARR R BOEC £, FATREER Dy Bm xR TIN5, R A i sl
FES A I REAN LR, 0 Figure 1 BR. BRI RATT (1) 3010
WaEhed DBOE R PN 12 A1, 2R 1A AR, HIATZHI 1986 45 1 A R)IER %K
iy, FAIFHLE 12 41 (B 1985 4F 1 A% 1985 4F 12 1) MY AR (1) {HIE
PSR A Al R A, SRR, INGRATRBOE fO), BRIBRSH. (2) (1
IZREFAYREA, K 1985 4F 12 AMRR (7)) B AR, 1SEBAXT 1986 4F 1 H
B T . (3) EAZRTPAPIR, J0A 419 DNGREMIIALE, IIR)E153] 1986
1A & 2020 4F 11 AR A RRER 2 w4 A BRI A HTE .

FENN G TR, 41X 24 0 R MIHZ (Grid Search) #YJ5ik. ¥ oioE
—MaS A, RIETEVIZE LM S RS R 2 = A Arliar, Tiefs 2l i
28 Mg b, BEEE DS, SOERREARIS ISR S . TR R
KT AR R, AXSHRRE (2019) [17) fOMUE, DUES—MEBIE DI
FHHF TS . GRS DS e, BIRSHREEAZE. A, FEARPITEH, A
BB S HOE R, B — sl @ DB iS4k

FIXTUNSAEAM— Ui, B2 2R (DA window=12 HONHI) 22 12 SHIER
ATl 219 MRGEE R A R AL, BRSNS HAT 2000 Kam], MM IgRa3tA
2000x12 = 24000 ~FEAS , A5 200012 = 24000 MY ai A, 45 2000x12%219 = 5256000
g (1) He MFHFAZMRE—K AT 12 D H BRI RB, F5 A 2 w4
REEGr o AR IFAL R TR R ISR, [ RO TR TR L 2 T AR 1 15 B IR
MRR G R AL AER R R

2.2. B S
AT RERAS ST ) 10 A2tk 5 AR L MR > R B N A R T TR 20
2.2.1. #&/Ew)a (Linear Regression, LR)

ZMEmE (Linear Regression) fENZSE (Y) M—AmZAHAR (X) ZA#E#T—
MEMERR, ¥V =60 +BiXi +SoXo + ...+ B, X, = BT Xo X THERMEA X;, HAEHLH


Lenovo
高亮

Lenovo
高亮


2 HFagat 6
FYe, WS ¥ =BT X FEe B R HOE SO 7 1k R AL

Loss®) = — > (- (2)
i=1

b m A RO AROR . S R MU FURRIR BB, B argmin S, (Y, - Y, HIATSR ARy
FEf LI E RE B fH. ASCRILRIFR N OLS Fik, AN EMERI 5 5 Il g ] Rk
PEATXFEE o

2.2.2. T4 4ER (Forecast Combination, FC)

T AAEAL (Forecast Combination, FC) 1) 3= 22 JEUAEUZ 3 i %) H 242 F AN [ Foi A5
RUFEAT AP 394 R R FIAR A, HAZ DR T IR 2. H A i s A SR
B AR IT 22 BIBGESE . fEA S0, FC B DL —R 31 B2 &Ry OLS
BB R, HARA RIS Oy a0

L AENZRSE b, 2 BN BN R o0 B AE B f/ N B OLS,, OLS,,OLS;, ..., OLS,,

2. FEMBER L, B HFTR n AL AR, I A 3 (E
AT

U AR OLS BALNZRsA/N, (HHARASN AT E s i AL G )51 FC AL
RURBRGHR THREAR SN I B RS E . T4 SR E S A F S P A B, 40 Rapach et
al.(2010)[20] iz N SRR AUAL A 1 BT A Ry BAS R AR, iRYE FC AR
BT AL BRI BT A ST T AT OLS B P B e 4l

2.2.8. o3 (ridge regression, Ridge)

Il (ridge regression, Ridge) [FIFER LA, HAEARHE LN ] U451 5 pR L0000 Sk il
EIA Ly JE W4k, B

1 <
Loss ()= — Y (V= ¥y + vy IBI3 3)
i=1



2 Bhitit 7

Hory > 00 S IAEBR RBCHIEIN Lo FEROE NI LAR S HARR AR RS IR, W]
ARG Ik Uy, ISR TR AR AN RE ST o e fre/ MU Sk e BRI ] SR AR A
WG RLB (Ho

2.2.4. Lasso @A (Least absolute shrinkage and selection operator, Lasso)
Lasso [A]I9 (Least absolute shrinkage and selection operator, Lasso) &£k HARAL , H
TER R R BRI — AN IR Ly ke, B s U A 2L A IR At R

1 =
Loss(B) = P Z(Yi - Yi)2 + 118l (4)
i=1

Hery > 00 T L WEINE, L ECES RAGMEAR, P Lasso MR H M T5
AERCHE AR e o A IV R A, AR S AR X B ) R (AR, i S R A
FRMERARAERAE , RO T 0.

TE4RATIE , Feng et al.(2020)[21] 35 ] LASSO HEATHIB Tk 3%, Mahikih T HA
FER Gt B B 728 515 Messmer and Audrino(2017)[22] WIZE 3 E 3% T LASSO
VAR AZ R Adaptive LASSO M 68 AN FIFRHAE R FHrfie i 17 14 DA RRHE, HRET
AT 68 A FIRHIE A R E
2.2.5. MM w2 (ElasticNet Regression, Elastic)

SPEM 2% [ H (ElasticNet Regression, Elastic) £ Lasso FI& EIHPIFIE Y, [F]
WP L1 AT L2 IENME, HA R e BT AR R -

I v —
Loss (B) = — " (Fi= Y +a [luiy  [Bll +0.5 % % (1 = o) * I (5)

Py

AT Lasso KFaB oy RECH AR, S R0 46 [0 U1 852 Jal 7 e JEEAH G AL B XY R4
.o 24 ZANRHEA TS —ANRFEAR AR TE R 3 R0 25 TE A RERE USRI RO TICR , Lasso
(50 i S Sl (1 SR (T 281 R 2 /) i 1 g (1 v O e Y VS L
7k (W[al)H . Lasso [a[J4A1 Elastic [B]J5) FEAEAERUGAR A28 i B W 46 B DA S AR
AIF7AE 22 HE L Z PN BEAS PRSP A L O T R
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2.2.6. fpF N =F®@)a (Partial Least Squares Regression, PLS)

it/ Fmlq (Partial Least Squares Regression, PLS) J5¥E7E M5 £ 7T 0] I ) 3L
b E45 6 T ERU0T (Principal components analysis, PCA) FIMLAIAH 54304 (Canonical
Correlation Analysis, CCA) BEUAR, DAL EI 504 op B 728 5 20 S 3L AR i)

FIEAFTE m DEHAER x1,x, .. Xno BN RENHE LT B A REAPIREE —F
WA 0 (002 X, xo, . ox RS, HRWREZHBRIUR BB EE T ERER), A
JEESFAR RS o AR, SRR R B ROORE I, W R ENgks s
TR, BEEIRBN AR . AR AT Nttt AR/ 3[R
FE AL RS .0, 0 WIEEE, FERIE AR &5 5 E AR S ] 5 7R

Light et al.(2017) #EH] PLS #3512 ARFEXS AR s O T BE J1 . [AlAE, Gu
et al.(2020)[16] AP PLS SYALESE E M4 BCR et BN 24 T 48 OLS B3k

2.2.7. I FFEEH (support vector machine)

SCRfIa AL (support vector machine) s2—MH I RBIR, (HAPRZ N ELLEHET
R T E . B SR G KUk fs DR 3R = T HLZ AL RE ), SRS
R AN EAF YL F R/ ME , AITABHESTFEA BRI T, IREESAT R GEiT L
AT H . Rl HEARA s ONRRIE =S ] b )RR R 2tk e, BISE R &
LAY > SR S 2 [A] PR fie R AL, B AT A R — T LR LR A SR A . SVML B
Rz RS, W AR 4R RS0, L[] IR ASE 2R T 0 45 R X S H0CRNAZ b B0 1 B
U, B RS

L AZREEAL (kernel), FEAZRECRAA S LML (linear) | Jiit% (vbf) , 23X
% (poly) 2;
2. #EIHT (C);
3. KRB AL REL (v).
2.2.8. ¥ ERIAT (Gradient Boosting Decision Tree, GBDT)

B EEHE T (Gradient Boosting Decision Tree, GBDT) J&—FpE Ik EYE,
ZIRPRMT AL, 25 G A A T E R B & o IR BRI OFE TR 24 > 2 Hi



2 Brgakat 9
AR TN TIHERREE, BARERZZ AR (Gradient) T ) _FENZ — S
2, HfE GBDT v, S4B L2 0 T (A B 220 B0 B T 1) D o LS,
AR AT 73 S LAS/ MET- DT SR 22 ARE , X —AMRFHIE, B — D BEIEA 79525 AR
A I E R T INZEE Train = {(x,y0), 1,y -, (env, v}, FEERBEESR TR fur ()
A EA AR T -

L gt £, (x) = 0;
2. XF m=1,2,..., M, R

Pmi = Vi = Jmo1 (6)  i=1,2,.., N (6)

3. KT N AR B3 —ABER T(x;0,,);
40 T fn (X) = fru1 (0 + Train(x; 0,,);
5. IAABIBEEAR TN fu (0 = Ty T (x:0,0)

GBDT FER DR S A B0 BEAS HATR R4 1o A PO PR 258 o (W] ) Pl 0 P 1 4t
RN R, GBDT Fo s ERN EE IR, B TERSHuE: B0y
ERIAEGRE, B2ER (6); 59 RE RS (N); R R R R B
(maxdep). FAWFIET, Krauss et al.(2017)[23] 13 I8 B TR EE S TARME T /K 500 48
B sl i, AR RN AR E R A A, ST BT AR R A A
2.2.9. WM RS (Extreme Gradient Boosting, Xgboost)

Boosting FVA AL IS 73 24 i 7 AP i T A RS MR E R M, @ L2y ) 4l
P2 RYFE (Wu et al., 2008[24]) . AAFMEFIAZH Chen and Guestrin(2016)[25] 4
H R R B T (Extreme Gradient Boosting, Xgboost). Xgboost i Boosting 8%
KR EMEREEE T4 CART WA, Bl Xgboost A Boosting FYAMLA, HIIZ
AR HLEE RS ARG . FARSRE AR T -

L BTG ELE R CART [EHR, H A Ak
2. WP ARZENG T —AR CART [H[IAH, FHRIATEREE



2 Rkt 10
3. BA (2) HEIHRERRLL.

FUEE BRI, Xgboost [W] GBDT 8 AAHML, &2 PART— IR BN R 2E1E R T —
N Hbr, AARSHRAEE S GBDT BikiA—5, HWEFEENTAR: a8
A HEARRE ., Xgboost £ GBDT MRl EMA T IENALI, (ERALEA T IRz AL
REJ1; Ak, XGBoost 7 GBDT Ryl EANA T R4k, 271 17 5k2eml
THHERATE;  fE CART [IEARY T skl iy, GBDT S9ER W@/ ME 5 22, i
XGBoost FyE N i KAV Fad TR A i IE AT . 3k ST AL B AN [R] 575 XGBoost 7
SLF GBDT B3K, (e WHIPLES 7 L5 UG T AR R .

2.2.10. 7% % ERAEA (Ensemble Artificial Neural Network, EN-ANN)

P EE AR (Ensemble Artificial Neural Network, EN-ANN) Jg&—FfpEF AT
A4 (Artificial Neural Network, ANN) (RN 5V, FEEAH— ANN A
BTG T A A FR e A . HA ORI B2 AR WA AR T i (a7 s b
LM, SBIAER R 2 Y AT RE I DASR T FO A5 R i e e 1k o FE VI Zhad R b b 22 ) 4 4
ARG B> ANN FFEA T B A N R0 D0 Ak S I ER BB A i (s Ak . AR S
0 28 B RS Yy SR SRR T

L. WG — P HE M 2 NN, NNo, NN, ..., NNg;

2. TR, X — A 4 0 45 AR R DA MBS 7 iR ZEE R AL H AR T S8 5

3. WEHUINZRAE FI 7R ZETT 50% (11 22 00 2 Ay TU 00 P g Ja o 28 19 28 AR IURBE Y, -
H TN Y - A

25 90 4% AR AT RAE A AR THR B AR 1k 1 ] B BE T H 00 s A 5 U2 A A 22 1T
BN R B L AR N 228 BEA TR , O B ARG R i SR A T T, FEAR CRERE Fge
AT T T ) Bk
2.3 HIEVLAL LI

AR SCHEHL 1985 48 1 H #2020 48 11 A EEANIESHAL S (NYSE), EEIESR S
Bt (AMSE). 2525 A sl £4cthe (NASDAQ) iy BT ATNFFFEAS, £



3 WLEFS] Hikey R AU 11
P A R . RE A FIRE SRR (A ) RECE CRSP A, #ATiEM “Holding
Period Return” fyR#R. B4 (HF) £dafiH Chen and Zimmermann(2021) [11] FFi
WSS 207 Mg (A ) Bt

IR RIBEEE I = AT A S, FIA R T 4ml . ORI~k (SIC £
i3 6000-6799 HATE]), M TR GIREHA “halted” B “suspended” m “unknown” [
e [, RIS —ERB R, FNPRBUN T 2RI AP (1) XTF5H7% (K1)
B¥fe, #7A7AE Inf B, FFHEHREE (an), KRFEASSRR (K1) WG EE
BAE (nan), FUCAIHFRVRAAERE (nan), BIFFEHESY 00 (2) 25 ¢ A MM E0E
AR, WHERME ¢ HMrgR% (7)) B S5iaaiids .

TER I 5 5 R G RSB . il PRI AR AR BCE L A BB MBS, 1985
A1 A 2020 4 11 AP RUREAS S 835961 4%, X HAE TR TES AT -

REABIR TR TEGE T2, DLPR K] [A6]

A RHA G s, AF R BUEAE SR SO EAAE R 5225, e
WM ZZ, Hean:  RGECRIFHEAE T S £ S AL;  BURGERS T R L
it S BRA SO B e . i, ASSCRANGIERE AL, RIOX SeREAR B A —
YE N 0, T5ZE 1 WEENLAS & . ARt TR

X-X

Ox

Xscale = (7)

L, Xl ox 252205 X AR

\

3. LAY SIS AR 5
3.1. Fikeg AT R (R ITE)

T IEARAE 10 FLER2E T BIE R, BAUTSR () TR ke e 2 i 00 14 g
FAKHIR Gu et al. (2020)[16] fficy, M FITEREASD R

Z(i,t)(ri,Hl - ’A”i,t+l)2

Rops =1- 5
2in T TS|

008

LChen and Zimmermann FFFJEEE T M35 R4 https://www.openassetpricing.com/data/
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E BB DR e
XA R, BYFALTE T, XA AT, D S0 - (30 AR R B A A P B ] 4

I, HCE A IE ) R FUWBOE R 12 DAL FIIZRAUE B R, AR RER -

Table 1: HlgsaF S EHH R2, [window=12)]

Lasso| EN ‘ PLS ‘ SVR ‘EN—ANN‘XGBoost GBDT

OLS \ FC ‘Ridge

-3. -9.21% | -13.3% | -8.27% |-10.08%

-340.9% [-6.0% | -7.0% | -

RN, AT AR AN 27 T SRR R, a0k, TRl gR 2~ Bk
Roos BN, ULHTHELMERL S 2 > AT REZ i 2 4 (1) SUREEZ Ay AR
3.2. 2B W eI KR
FATHCIAL I 1 g, AEfE— A B _EXHBCRAR 2 10 41, 2350

MG (AR 10% MBCE) . 253kdi e (GERFA TG 10% IBCE) . 22350
B (Zk-230) MR fulioe R, TR M EMEE IR, MR
Table 2: #HHEGHL (window: 12months)
2 A ZEUA S A
Mean(%) | B AR | Mean(%) | EHHZK | Mean(%) | B HF
OLS 20.02% | 1.0337 | 18.94% | 1.1962 1.08% 0.0351
(5.57) (6.76) (0.29)
FC 19.89% | 0.9271 | 16.56% | 0.6928 3.34% 0.1375
(5.15) (4.11) (0.84)
Ridge | 20.31% | 1.0504 | 19.52% | 1.2255 0.79% 0.0209
(5.66) (6.91) (0.21)
Lasso | 22.14% | 11265 | 21.70% | 1.2960 0.44% 0.0035
(6.04) (7.26) (0.12)
Elastic | 21.79% | 1.1157 | 21.63% | 1.3006 0.17% | -0.0098




3 WUEF I FHIRNR AR 13

(5.97) (7.28) (0.04)
PLS 21.23% | 1.1000 | 19.29% | 1.1387 | 1.94% | 0.0759
(5.92) (6.74) (0.51)
SVR | 21.04% | 12594 | 20.91% | 1.3437 | 0.13% | -0.0107
(6.72) (7.59) (0.03)
EN-ANN | 21.13% | 1.0643 | 19.01% | 1.3330 | 2.12% | 0.0848
(5.71) (7.57) (0.01)
XGBoost | 22.46% | 1.1000 | 22.81% | 1.4308 | -0.36% | -0.0320
(5.99) (8.48) (-0.09)
GBDT | 21.47% | 1.1861 | 19.58% | 1.0349 | 1.89% | 0.0628

(5.98) (8.11) (0.01)

WA Table 1 nPAZBL:(L) [RIMEMRAL, BT FC BRIAN, LbEblaees Bk
(Ridge,Lasso,ElasticNet,PLS) #Jge134 5 OLS MIHE 2 s Halaw, Hilra &
TR AL I 53k (Ridge,Lasso, Elastic) A T OLS [IHEEE R, (2) 4k
LR PEHLAS 2 S 5 (SVR,EN-ANN,XGBoost,GBDT) #JREFRIGE EifE OLS [HIHF 1%
AR, A BIERTET 10.4%,0.3%,20.4%,3.4%, % GBDT 4b, H 24 BT T
12.33%,11.44%,19.6%, 2R T 7R (W 1) AARZMAAAAE, Hf XGBoost 2R
HITHMT o (3) 155 R R R ILaR Y Newey and West(1987)(26]t {8, ATPA% I, £

AT 1% B3 . WEZLAGHIGE, HimTa3kdMa, Y2460
Wean FERIET 23k KT, R ET XGBoost T T 44 72 14 1% 5% 20 £ 1 WA o B
e OLS #2F+ T 12.18%.



3 W] Hikey R AR 14

O~ sp500 O~ LR_12 ~(O- FC_12 (O~ PLS_12 <) lasso_12 (- ridge 12 ElasticMet 12 < SVR_12 -~ GradientBoosting_12
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Figure 2: Bitiai Kili2k (window=12)
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Table 3: LA (window: 3months)

'~

ZHE ZEZMHWE 2R
Mean(%) | B R | Mean(%) | R | Mean(%) | &

OLS 18.87% 1.1151 13.74% 0.9321 5.12% 0.2286
(6.18) (6.08) (1.38)

FC 18.41% 1.0176 14.12% 0.5723 4.30% 0.1653
(5.65) (3.85) (1.07)

Ridge 19.32% 1.1436 14.57% 0.9789 4.75% 0.2110
(6.32) (6.28) (1.29)

Lasso 20.55% 1.0316 17.33% 1.1870 3.21% 0.1339
(6.49) (6.60) (0.86)

Elastic 20.27% 1.1631 17.05% 0.9245 3.23% 0.1332
(6.35) (5.95) (0.86)

PLS 19.21% 1.0919 15.34% 0.8146 3.88% 0.1577
(6.02) (5.43) (0.99)

SVR 18.92% 1.2119 13.73% 0.8444 5.20% 0.2145
(6.65) (5.26) (1.28)

EN-ANN | 18.11% 1.0386 11.96% 0.8864 6.15% 0.2698
(5.65) (5.72) (1.61)

XGBoost | 21.13% 1.1691 19.18% 0.9962 1.96% 0.0660
(6.40) (6.33) (0.46)

GBDT 21.47% 1.1861 19.58% 1.0349 1.89% 0.0628
(6.49) (6.56) (0.44)

WL S A AR AT AR L, WIGRIIEIERT, (1) ZEplassy 5Bk (Ridge,Lasso,
ElasticNet,PLS) ¥JREHRIFEILME OLS A =iy 2 S A Allcan, H Lasso Ml Elastic J¢
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NETS, BAEME OLS WIHERTH T 26.1%,24.1%. (2) ARLMENLAS I TR ISR BR,
Hrt SVR 5 EN-ANN 080 25, PIRERY R B2 T YN o, FeAgidinit 2, X
PIABALCRAEAE], {H XGBoost 5 GBDT F£IUKLF, L25Uaii &k OLS 4T}
T 40%,42.5%. (3) LEFTABEDER, BIFILENZERAK, window=3 5 window=12
L, BRI GPORR 2%

O sp500 -O-LR3 O FC3 O PLS3 O lasso3 O ridge 3 O ElasticNet 3 -O- SVR 3 ~O- GradientBoosting 3 XGB 3

~(O~ EN_ANN 3

e

\ EHE

—_— e T T T T T T T T T o o o o

Figure 3: 21T % 4 (window=3)

MR ARl 2 n] AR, ARk EbLE 2~ Bk (SVR,XGBoost,GBDT) 5 £ M1
fnr )33 (lassoridge,ElasticNet) AR ITILaa R BEM ML iR SP500 FE80M Ritilaa =,
Fel e Lasso Al ElasticNet 5%, 2R IEBAFAIPI LA 7 RI5, Feal, ARk
Plassr I Fik EN-ANN KRB E, SRISCnidr 2 S A G laa i E—58, FATHME
M TG A, REARIE A R PARA i 22 ) 25 5 Hh BB 45 2R
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Table 4: ZETH IR S (window: 24months)
23U H LG =3

Mean(%) | B EHE | Mean(%) | EEHAR | Mean(%) | %

OLS 21.24% | 1.1405 | 21.04% | 1.5533 0.20% | -0.0078
(6.13) (8.44) (0.05)

FC 19.35% | 1.0352 | 15.42% | 0.7284 3.93% 0.1617
(5.68) (4.28) (0.94)

Ridge | 21.48% | 1.1564 | 21.22% | 1.5422 0.26% | -0.0046
(6.21) (8.32) (0.07)

Lasso 13.61% | 0.8210 4.96% 0.3105 8.65% 0.4668
(4.49) (1.81) (2.51)

Elastic | 15.92% | 0.8574 | 10.50% | 0.5908 5.42% 0.2738
(4.63) (3.29) (1.53)

PLS 19.50% | 1.0456 | 15.76% | 0.7409 3.73% 0.1521
(5.74) (4.34) (0.89)

SVR 20.41% | 1.3265 | 19.29% | 0.9719 1.13% 0.0321
(7.12) (5.54) (0.25)

EN-ANN | 21.79% | 1.0782 | 20.56% | 1.5217 1.23% 0.0434
(5.69) (8.25) (0.32)

XGBoost | 20.76% | 1.1046 | 20.05% | 1.2679 0.71% 0.0164
(5.94) (7.10) (0.17)

GBDT | 21.10% | 1.1244 | 19.25% | 1.2409 1.85% 0.0705
(6.05) (7.03) (0.46)

ROy RE 24 A, SERTHEIIA—2002, OLS EifEnHm £ = HEF b

W gl Ridge SMrRHY, [FIRF, JREMENLES: I BIRRCR 2 B30 T Ertplas I 5
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Figure 4: Bitiai R4k (window=24)
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FATM A window=3. 12, 24 =FpFIL T RYF M R -5 28 R B2 A, DA
AT ZE 1 00, I, DR, SO RINGHIMN 1 AFEE 1 40},
A AR GEGER R A R R, (HARS R 2 2 4Fmf, AFMERIA AR R,
SR AR L 27 S B W SR T B R T IR, (HAMELER - SR ER T Ridge.
LR. FC 4h, RCERIAIE . BEMDRF , ARLENLE 22 FA SR L T etk plgs s I ok, B
Ridge Al LR 52872 — 561, aTRER2FNIn 4 (1) Silamlal iy gttt & R B 2 nl DA
KB paR, (HIXAATERAGREE R MY, G AT AR AR 2 5 R AR R X A

e,

Table 5: /N [F % L FHLgsE I B0 R2,,

3months | 12months | 24months

OLS | -1.33E+23|-5.60E+22 | -7.64E+22

FC -1.25E4-06 | -3.26E+06 | -2.05E+06

Ridge -99.54% | -340.89% | -167.64%
Lasso -17.23% -6.01% -0.09%
Elastic | -10.51% -7.00% -0.13%

PLS -1.36E+4-05 | -3.56E+05 | -2.46E+05
SVR -28.45% -9.21% -1.32%
EN-ANN | -50.62% -13.30% -7.56%
XGBoost | -12.42% -8.27% -2.61%
GBDT | -14.66% -10.08% -3.57%

AR RS R R & D LR S AR R, FATA AR, BAR=A
window [ R, ¥R TEL, (HEMOER , ¥R SAR B ZMILE K, R, A B i
1] 0 FH LS. YAnkF, LML= 5k (LR,FCPLS Ridge) 1 R}, JEH K, 1iH]
HAMP R T A Z B, MIEL LAY B (SVR,EN-ANN,XGBoost,GBDT)
) RZ,, B/, DERHTI TN ACR T G2 R, SHISCHRRII %4k, W bA% L Ridge

LG22 MRk, HIL R, B, U] Ridge Jrik e detiblas 2 Bk, HvERE
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Figure 6: Top 20 HERF% (HT)
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Appendix A. FAZ SRR TES

count mean std min 50% max
AbnormalAccruals 1935 -0.006 0.058 -0.826 -0.006 0.778
Accruals 1935 0.005 0.085 -1.197 0.005 1.038
AccrualsBM 1935 0.722 0.051 0.005 0.722 1.000
Activism1 1935 15.289 0.242 12.227 15.290 18.200
Activism2 1935 13.256 1.101 7.211 13.255 42.112
AdExp 1935 0.036 0.039 0.000 0.038 1.290
AgelPO 1935 27.838 6.083 1.252 27.693 117.972
AM 1935 12.391 26.410 0.050 12.580 788.313
AnalystRevision 1935 1.001 0.650 -12.984 1.001 16.838
AnalystValue 1935 0.885 0.277 -2.424 0.891 5.907
AnnouncementReturn 1935 0.002 0.048 -0.452 0.002 0.625
AQOP 1935 -6.533 52.547 -2162.342 -6.563 5.625
AssetGrowth 1935 -0.174 0.786 -28.508 -0.174 0.854
Beta 1935 0.650 0.500 -1.542 0.578 5.093
BetaFP 1935 0.656 0.431 0.001 0.613 3.645
BetaLiquidityPS 1935 -0.026 0.245 -2.014 -0.024 2.122
BetaTailRisk 1935 0.598 0.223 -0.729 0.596 2.614
betaVIX 1935 0.000 0.010 -0.115 0.000 0.114
BidAskSpread 1935 0.014 0.021 0.000 0.008 0.372
BM 1935 -0.353 0.486 -5.096 -0.350 2.908
BMdec 1935 3.601 27.667 -28.422 2.910 1017.007
BookLeverage 1935 -10.146 51.146 -1762.908 -10.175 436.998
BPEBM 1935 1.769 51.827 -359.167 1.682 2007.383
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BrandInvest
Cash
CashProd
CBOperProf
CF
cfp
ChangeInRecommendation
ChAssetTurnover
ChEQ
ChForecast Accrual

Chlnv

ChInvIA

ChNAnalyst
ChNNCOA
ChNWC
ChTax
CitationsRD
CompEqulss
CompositeDebtIssuance
ConsRecomm
ConvDebt
CoskewACX
Coskewness
CredRatDG

CustomerMomentum

1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935

1935

1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935

-1904.519
0.099
91.576
-0.001
-0.052
0.090
-0.017
0.236
-1.258
0.492
-0.003
-310349
688
-0.099
-0.002
-0.003
0.000
0.056
0.609
-0.534
-0.308
-0.067
0.172
0.273
-0.019
0.011

375.182
0.075
1319.564
0.000
0.991
0.890
0.239
32.251
2.447
0.174
0.038
213961
0217399
0.030
0.101
0.081
0.015
0.001
1.066
0.627
0.052
0.178
0.200
0.287
0.072
0.012

-15789.007
0.000
-4299.749
-0.001
-32.534
-18.520
-2.112
-725.898
-99.017
0.000
-0.689
-408255
03316422
-0.618
-1.472
-1.164
-0.390
0.043
-2.434
-7.088
-0.830
-1.000
-0.563
-0.916
-0.864
-0.166

24

-1905.982
0.100
87.925
-0.001
-0.051
0.085
-0.017
0.264
-1.252
0.490
-0.003
-309701
727
-0.099
-0.003
-0.003
0.000
0.056
0.612
-0.542
-0.308
-0.033
0.164
0.281
-0.017
0.011

-10.475
0.904
56473.076
-0.001
4.279
21.140
2.114
769.918
-0.079
1.000
0.637
610562
34554270
-0.012
1.366
1.025
0.248
0.084
32.629
5.654
-0.075
0.000
0.909
1.306
-0.002
0.205
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DebtlIssuance 1935 -0.405 0.296 -1.000 -0.412 0.000
DelBreadth 1935 0.122 0.356 -3.934 0.120 6.559
DelCOA 1935 0.002 0.062 -0.900 0.002 0.899
DelCOL 1935 0.004 0.069 -0.887 0.004 1.001
DelDRC 1935 0.007 0.002 -0.014 0.007 0.055
DelEqu 1935 -0.016 0.078 -1.129 -0.016 1.084
DelFINL 1935 -0.026 0.095 -1.231 -0.026 1.197
DelLLTT 1935 -0.030 0.099 -1.221 -0.029 1.036
DelNetFin 1935 0.006 0.105 -1.162 0.005 1.168
DivInit 1935 0.031 0.121 0.000 0.013 1.000
DivOmit 1935 -0.006 0.053 -0.956 -0.003 0.000
DivSeason 1935 0.443 0.294 0.000 0.441 1.000
DivYieldST 1935 0.589 0.549 0.000 0.587 3.000
dNoa 1935 -0.085 0.575 -20.695 -0.084 1.313
DolVol 1935 -1.933 2.407 -9.919 -1.880 6.551
DownRecomm 1935 -0.359 0.107 -0.843 -0.359 -0.087
EarningsConsistency 1935 0.131 0.528 -8.449 0.130 12.675
EarningsForecastDisparity 1935 38.031 160.597 -1122.297 37.359 5208.593
EarningsStreak 1935 -0.035 0.151 -5.531 -0.036 0.261
EarningsSurprisc 1035 -310082 259935 -693935 -428406 693519
746865 15273811 483357427 491915 000448200
EarnSupBig 1935 -5927.539  7160.646 -17230.396  -5213.823 0.527
EBM 1935 2.723 51.501 -352.017 2.625 2001.085
EntMult 1935 -15.354 40.621 -1543.817 -15.350 53.778
EP 1935 0.086 0.056 0.001 0.086 1.603

EquityDuration 1935  -443.299 7993.193  -342059.352  -269.138 4387.171
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ExchSwitch
ExclExp
FEPS
ferbyrLag
FirmAge
FirmAgeMom
ForecastDispersion
FR
Frontier
Governance
GP
GrAdExp
greapx
greapx3y
GrLTNOA
GrSaleToGrInv
GrSaleToGrOverhead
Herf
HerfAsset
HerfBE
High52
hire
IdioRisk
IdioVol3F
IdioVolAHT

Mliquidity

1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935

-0.010
-0.011
9.848
-13.687
-195.781
0.073
-0.148
-0.008
-0.046
-9.181
0.191
-0.097
-1.334
-1.746
0.011
-6.114
0.043
-0.219
-0.221
-0.232
0.849
-0.043
-0.020
-0.018
-0.021
0.000

0.067
0.175
100.266
2.008
55.000
0.060
0.321
0.053
0.141
0.426
0.068
0.128
22.663
11.666
0.092
54.537
0.946
0.168
0.131
0.334
0.164
0.177
0.021
0.018
0.017
0.000

-0.945
-2.182
-9.522
-60.449
-811.722
-0.448
-11.051
-1.243
-2.646
-11.379
-0.936
-2.074
-644.919
-379.768
-1.308
-2223.692
-6.161
-1.493
-1.000
-9.247
0.063
-1.993
-0.348
-0.301
-0.258
0.000

26

-0.004
-0.011
10.223
-13.688
-195.600
0.073
-0.147
-0.007
-0.046
-9.182
0.191
-0.099
-1.355
-1.729
0.011
-6.006
0.042
-0.217
-0.223
-0.235
0.884
-0.042
-0.015
-0.013
-0.017
0.000

0.000
1.486
4282.303
1.334
-2.903
1.091
0.000
0.899
2.243
-7.275
1.597
1.586
358.991
166.265
1.507
17.376
35.071
-0.021
-0.032
-0.028
1.616
1.881
0.000
0.000
-0.001
0.002
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IndIPO
IndMom
IndRetBig
IntanBM
IntanCFP
IntanEP
IntanSP
IntMom
Investment
InvestPPEInv
InvGrowth
IO ShortInterest
iomom _cust
iomom_ supp
Leverage
LRreversal
MaxRet
MeanRankRevGrowth
Mom12m
Mom12mOffSeason
Mom6m
Mom6mJunk
MomOffSeason
MomO#ffSeason06 YrPlus
MomOffSeason11YrPlus
MomOffSeason16YrPlus

1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935

-0.081
0.075
0.016
0.111

-0.022
0.010

-0.221
0.065

-1.064

-0.045

-0.772

74.370
0.739
0.769

10.059

-0.340

-0.048

2598.124

0.127
0.011
0.056
0.058

-0.012

-0.013

-0.013

-0.014

0.192
0.063
0.022
0.298
0.203
0.227
0.583
0.207
0.654
0.165
0.599
1.370
0.085
0.077
20.102
0.594
0.061
477.070
0.339
0.028
0.198
0.132
0.012
0.012
0.009
0.005

-1.000
-0.035
-0.020
-3.291
-5.207
-5.779
-6.855
-0.784
-11.122
-2.780
-23.564
46.636
0.043
0.048
0.003
-14.025
-1.211
385.449
-0.883
-0.183
-0.795
-0.658
-0.139
-0.139
-0.123
-0.075

27

-0.038
0.080
0.015
0.108

-0.024
0.008

-0.232
0.059

-1.068

-0.044

-0.775

74.369
0.738
0.768

10.167

-0.342

-0.034

2600.611

0.117
0.011
0.050
0.057

-0.012

-0.013

-0.013

-0.014

0.000
0.209
0.055
2.598
1.681
1.840
4.121
3.290
8.616
0.813
0.870
102.693
0.992
0.992
610.963
0.929
-0.001
4763.221
6.564
0.298
2.989
2.175
0.088
0.202
0.094
0.029
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MomRev
MomSeason
MomSeason06YrPlus
MomSeason11YrPlus
MomSeason16YrPlus
Mom§SeasonShort
MomVol
MRreversal
MS
NetDebtFinance
NetDebtPrice
NetEquityFinance
NetPayoutYield
NOA
NumEarnIncrease
OperProf
OperProfRD
OPLeverage
OptionVolumel
OptionVolume2
OrderBacklog
OrderBacklogChg
OrgCap
OScore
PatentsRD

PayoutYield

1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935

0.570 0.062
0.012 0.045
0.013 0.035
0.012 0.029
0.012 0.024
0.011 0.079
5.855 0.772
-0.067 0.200
3.775 0.224
-0.015 0.064
-1.920 1.225
-0.010 0.044
-0.001 0.025
-0.378 0.627
1.285 1.238
0.052 0.490
-0.002 0.000
0.226 0.397

-37589.433  209138.931

-1.447 1.271
-0.344 0.052
-0.005 0.021
-0.032 0.128
-0.174 0.031
0.119 0.002
0.155 0.068

0.001
-0.310
-0.277
-0.251
-0.225
-0.496

1.025
-3.228

1.007
-0.780

-41.555
-0.745
-0.617

-19.044

0.000

-16.742

-0.002
-0.016

-8655377.522

-46.694

-2.112
-0.478
-0.836
-0.904

0.090

0.001

28

0.570
0.012
0.013
0.013
0.012
0.010
0.852
-0.063
3.775
-0.015
-1.918
-0.008
-0.001
-0.378
1.287
0.052
-0.002
0.219
-36277.785
-1.438
-0.344
-0.005
-0.032
-0.174
0.119
0.154

1.000
0.583
0.468
0.419
0.360
1.084
9.995
0.766
2.986
0.663
9.780
0.367
0.486
2.165
7.993
5.564
-0.002
9.868
-11169.285
-0.452
-0.008
0.492
3.598
0.000
0.170
2.574
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PctAcc
PctTotAcc
PredictedFE
PriceDelayRsq
PriceDelaySlope
PriceDelayTstat
ProbInformedTrading
PS
RD
RDAbility
RDcap
RDIPO
RDS
realestate
Recomm ShortInterest
ResidualMomentum
retConglomerate
ReturnSkew
ReturnSkew3F
REV6
RevenueSurprise
RIO_ Disp
RIO_MB
RIO Turnover
RIO_ Volatility

roaq

1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935

2.476
-3.098
-0.047

0.414

1.846

1.840

0.286

5.375

0.031
-1.091

0.008
-0.007

-72.593

0.000

0.797
-0.026

0.012
-0.097
-0.091
-0.030

0.268

3.468

2.596

3.214

3.327

0.007

36.229
39.889
0.008
0.310
131.412
1.291
0.010
0.343
0.010
0.051
0.016
0.055
1433.258
0.045
0.031
0.264
0.013
0.818
0.749
0.032
3.681
0.218
0.161
0.211
0.188
0.087

-620.124
-1180.752
-0.106
0.002
-1978.953
-2.179
0.194
1.419
0.000
-2.150
0.000
-0.929
-25644.704
-0.408
0.218
-1.513
-0.085
-4.088
-3.822
-1.018
-47.085
1.063
1.000
1.049
1.016
-0.515

2.425
-3.033
-0.047

0.332

0.658

1.850

0.286

5.375

0.031
-1.092

0.008
-0.003

-69.370

0.000

0.796
-0.025

0.012
-0.068
-0.069
-0.030

0.264

3.468

2.596

3.214

3.327

0.007

29

1042.457
605.859
-0.001
1.000
4274.398
5.535
0.439
8.197
0.350
0.045
0.596
0.000
31377.821
0.588
0.950
1.213
0.137
3.708
3.510
0.201
115.685
5.000
4.947
4.998
4.998
3.123
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RoE
sfe
Sharelss1Y
SharelssbY

ShareRepurchase

ShareVol
ShortInterest
sinAlgo
skew1
SmileSlope
SP
Spinoff
std turn
SurpriseRD
tang
Tax
TotalAccruals
TrendFactor
UpRecomm
VarCF
VolMkt
VolSD
VolumeTrend
XFIN
zerotrade

zerotradeAltl

1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935
1935

0.345
0.075
-0.401
-4.044
0.362
-0.188
-21008.465
1.000
-0.073
0.001
1.567
0.025
-0.101
0.047
0.598
0.873
-0.022
0.194
0.347
-1.772
-0.136
-3.826
-0.006
0.003
1.728
1.817

6.666
0.046
3.292
24.426
0.334
0.140
17733.383
0.000
0.016
0.035
3.434
0.109
0.694
0.060
0.020
4.288
0.153
0.044
0.106
16.099
1.029
29.020
0.017
0.238
3.052
3.416

-36.744
-1.203
-128.110
-967.502
0.000
-1.000

-300431.875

1.000
-0.371
-0.555
-1.333

0.000

-27.174

0.000

0.189
-56.006
-4.051

0.116

0.084
-629.953
-35.527
-977.293
-0.064
-1.244

0.000
0.000

0.249
0.075
-0.346
-4.028
0.318
-0.193

1.000
-0.073
0.001
1.609
0.012
-0.089
0.047
0.598
0.882
-0.022
0.189
0.347
-1.891
-0.054
-0.502
-0.005
0.004
0.318
0.156

30

-20091.190

272.519
0.360
0.985
0.993
1.000
0.000

-1.625
1.000
0.057
0.557

108.522

1.000
-0.001
1.000

0.903

142.991
1.394
0.278
0.840
0.000
0.000

-0.002
0.055
7.896

17.370

19.108
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zerotradeAlt12 1935 1.662
STreversal 1935 -0.967
Price 1935 -2.707

Size 1935 -11.995

2.852
9.955
0.945
1.887

0.000
-129.659
-10.788
-18.389

31
0.457 16.571
-0.551 59.768
-2.725 1.960
-11.900 -2.315
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STreversal: Stock return (ret) over the previous month.

IndRetBig: Average monthly return (ret) of the 30% largest companies by market
value of equity in the same Fama-French 48 industry. Exclude the largest 30% of

companies for IndRetBig (not to compute the anomaly!)

AnnouncementReturn: Get announcement date for quarterly earnings from IBES (fpi
= 6). AnnouncementReturn is the sum of (ret - mktrf + rf) from two days before an

earnings announcement to 1 days after the announcement.

Coskewness: Signal is the sample counterpart of E[#;72,]1/(S D[F]S D[F,:)* where 7 is
the de-meaned stock return and 7,, is the de-meaned market excess return. Signal is
computed using the past year of daily data, and using the NYSE CRSP VW index for

the market (dsia), with returns continuously compounded. See code for details.

IndIPO: 1 if TPO in the past 6-36 months. 0 otherwise. IPO dates are taken from
Jay Ritter’s IPO data available at: http://bear.warrington.ufl.edu/ritter/ipodata.htm.
Missing TPO dates imply IndIPO = 0

NOA: Difference between operating assets and operating liabilities, scaled by lagged
total assets. Operating assets are total assets (at) minus cash- and short-term invest-
ments (che), operating liabilities are total assets minus long-term debt (dltt), minority

interest (mib), deferred charges (dc) and book equity (ceq).

OperProf: Revenue (revt) minus cost (cogs) - administrative expenses (xsga) - interest

expenses (xint), scaled by book value of equity (ceq). Exclude smallest size tercile.

EP:ib / lag(market value of equity, 6 months). NYSE stocks only. Exclude if EP <

0. Lag simulates the Dec 31 market equity used in original paper
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Conglomerate:Identify conglomerate firms as those with multiple OPSEG or BUSSEG
entries in the Compustat segment data (and require that at least 80% of firm’s total
assets are covered by segment data). Compute monthly stock return at the 2-digit
SIC level for stand-alone (non-conglomerate) firms only, and match those returns to
conglomerates’ segments. Compute weighted conglomerate return as the industry
return of stand-alone companies, weighted with a conglomerate’s total sales in each

industry.

roaq: This is like a more timely version of the other profitability measures. Inter-
estingly, they don’t cite Fama French 2006, nor Novy Marx 2013. MP have a very

slightly different formulation.
FirmAge: OP uses special NYSE archive data that we lack.

MS: MS is only evaluated for low BM firms and comes from combining three signals
related to profitability and cash flow, two signals related to income volatility, and three

signals related to investment.
BM: Log of annual book equity (ceq) over market equity.

Mom12mOffSeason: This acronym has a different form than the other off season Heston
and Sadka ones because its behavior is distinct. The other off season signals behave

like long-term reversal.

Beta: Coefficient of a 60-month rolling window regression of monthly stock returns
minus the riskfree rate on market return minus the risk free rate (ewretd - rf). Exclude

if estimate based on less than 20 months of returns.

DelLT1: Difference in investment and advances (ivao) between years t-1 and t, scaled

by average total assets (at) in years t-1 and t.
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e DownRecomm: Keep fpi = 1. Binary variable equal to 1 if mean analyst earnings
forecast for the next quarter (meanest) has improved over the previous month, and 0

otherwise.

« EBM: (ceq + che - dltt - dlc - dc - dvpa+ tstkp ) / (mve_c + che - dltt - dlc - dc -

dvpa—+ tstkp). Exclude if price less than 5.

o ShortInterest: Short-interest from Compustat (shortint) scaled by shares outstanding
(shrout). Short-interest data are available bi-weekly with a four day lag. We use
the mid-month observation to make sure data would be available in real time. OP
uses Asquith and Meulbroek’s database, which covers all of NYSE and AMEX. We're
unsure of the quality of our Compustat data, especially since it is missing many values
pre-2003. However, the missing pre-2003 is mostly NASDAQ. According to Rapach,
Ringgenberg, and Zhou 2016, Compustat added the short interest to their dataset in
2014.

o OrderBacklogChg: Define normalized order backlog as order backlog (ob) divided by
average total assets (at) in years t-1 and t. Exclude if order backlog is 0. Signal is

normalized order backlog minus normalized order backlog one year ago.
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