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1 —2006 12 2007 1996 1 —2006 12
1 —2019 12 . 132
1
Table 1 Predictive variable description
D/E
D/P
D/Y
E/P
B/M
SVR
INFL CPI INFL
NTIS 12
TO A
MO MOG
M1 M1G M1 M1 M1 MO
M2 M2G M1
1 12 ©, R} s 1.83%
A 12 1.13%.
12 R%)OS'
‘ (T0)
3.18%
I =3 6 0.21%
4 —6 ~1.29%.
7 —9
10 —I2
. R, 40%
2002 .
R
NN o
MO M1 M2 (CS- 00s
MAR) . . CPI 2.3
( Wind) . @ 2.3.1
2
N L) LAC) BRT
2
( DE) BRT

@) https: //github. com/Zhen1236 /ML_ChinaStockMarket



10 : : — 143 —

BRT
® 7-9 44
29 62
2 1%
Table 2 Excess return prediction results of univariate linear models/%

R%s Ace R%s Ace R R20s Ace R%s Ace R
DE 1.83 57.05 1.13 58.97 1.74 42.59 56.41 40.37 53.85 0.94
DP -2.00 55.13 -0.05 55.13 0.57 44.37 64.10 45.87 57.69 2.54
DYy -1.81 55.13 0.56 54.49 0.84 44.18 62.82 46.67 57.69 2.42
EP -4.40 55.13 -2.47 52.56 0.07 43.10 61.54 43.20 52.56 1.46
BM -2.04 55.13 -1.00 55.13 0.16 47.72 73.08 48.03 67.95 6.39
SVR -3.52 55.13 0.04 55.13 0.01 65.27 75.64 66.87 74.36 27.80
INFL -1.28 52.56 0.05 53.85 1.73 41.61 53.85 39.02 46.15 0.37
NTIS -0.22 47.44 -1.66 48.72 1.01 43.30 66.67 42.26 57.69 3.24
TO 0.21 53.21 -1.29 51.92 3.18 47.14 58.97 45.55 60.26 10.22
MOG -1.77 55.13 0.27 60.90 0.03 41.88 56.41 40.39 44.87 0.00
M1G -1.95 57.69 -0.67 55.77 0.73 41.82 57.69 40.44 47.44 0.00
M2G -2.20 55.13 -3.37 51.28 0.01 42.45 60.26 40.79 46.15 1.13

12 . Ros ~ ( Acc)

R*( Ris) .
BRT
1) ’
;2)
BRT - 288
® https: //github. com/Zhen1236 /ML_ChinaStockMarket
©) “ ”( no free lunch theorem)
Gu % Bianchi ° Leippold # 7 BRT LightGBM

https: //github. com/microsoft/Light GBM
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3 N 1%
Table 3 Out-of-sample prediction results of the market returns volatilities and optimal risky asset” s weight/%
R?ms ‘ Acc ‘ R%)()S«mbu\'l R%ms ‘ Acc ‘ R%)()S«m[:uw
Panel A:
Prevailing Mean -0.57 55.13 -0.14 0.18 53.85 0.70
Linear Model 0.25 50. 00 2.76 -5.10 54.49 -2.43
Ridge -1.37 50. 00 0.43 0.62 55.77 2.59
Lasso -0.62 55.13 -0.17 0.41 54.49 0.81
ENet -0.62 55.13 -0.17 0.41 54.49 0.81
PLS -2.75 55.77 -0.70 0.13 54.49 1.86
RF 3.17 57.69 5.56 3.82 61.54 6.38
Adaboost 3.43 55.77 4.51 2.42 58.33 4.05
BRT 3.72 58.97 6.83 3.96 62.18 6.04
Panel B:
GARCH 56.47 73.08 52.99 53.44 71.79 49.97
MIDAS 63.58 75.64 59.75 63.54 75.64 59.09
RF 63.23 74.36 60.91 59.83 75.64 57.68
Adaboost 62.09 74.36 60.04 51.47 76.92 50.19
BRT 64.59 73.08 62.42 61.65 75. 64 59.69
BRT-MIDAS 66. 89 73.08 64.98 62.46 73.08 59.62
Panel C:
Prevailing Mean 3.88 55.13 4.35 5.11 54.49 6.22
Linear + GARCH 6.15 50. 00 8.71 3.81 54.49 8.17
Linear + MIDAS 6.38 50.00 10.95 3.09 54.49 9.49
RF 5.78 57.69 7.39 7.15 61.54 9.04
Adaboost 6.08 55.77 8.08 6.62 58.33 9.42
BRT 6.51 58.97 8.49 6.73 62.18 8.32
BRT-MIDAS 7.34 58.97 9.79 6.05 62.18 11.05
Rjos ~ Acc Rios( Rbosrobust ) - . R 05-robus
10% R%s -
B MIDAS R} s
GARCH MIDAS Adaboost . Riumbw
10% MIDAS
BRT BRT-MIDAS R
MIDAS BRT
MIDAS
MIDAS BRT
BRT  BRT-MIDAS R} ;



— 147 —

10
C BRT  BRT-MIDAS
Linear-MIDAS
th)o.wrubu.s[ BRT 3 ~ ~ 9 ~ 12
BRT  BRT-MIDAS .
BRT R),s 6.51% 6.73% BRT
58.97% 62.18%
. BRT-MIDAS R, 7.34% 1
6.05% 58.97%  62.18% R 3
BRT BRT BRT
3 6 Roos
BRT
BRT N
BRT
1 BRT
7 BRT
BRT 1 BRT
Fig. 1 Scatter plot of BRT’ s return predictions and real returns
4 /%
Table 4 Return prediction R results of different lag periods of predictors/%
Prevailing Mean Linear BRT Prevailing Mean Linear BRT
1 -0.57 0.25 3.72 0.18 -5.10 3.96
3 -1.20 -1.22 1.64 -0.14 -3.15 2.36
6 -2.73 -1.10 -0.76 -1.80 -6.71 -1.05
9 -3.52 -15.34 -3.02 -3.12 -14.63 -1.90
12 -2.98 -19.10 -1.89 -2.89 -20.83 -1.25
3.2 BH % (8). (9).
( 10) /:LH-I
BRT 1, 41
. a =0 a
HM * .M © 0 HM
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( ), CM 5 (o)
; t A
BH BRT 5%
Lip sop =g v L, L + &4 (8) B
T =og Yoy I Lot & (9) 1%
T = 0 0y Wy + &4 (10)
C
. BRT BRT-MIDAS
HM
.CM BM BRT ~
R BM.CM BH
5
Table 5 Statistical test results of out-of-sample prediction
BM test CM test BH test BM test CM test BH test
Panel A:
BRT 0.112 3" 0.042 27** 1.016 9*** 0.181 1 *** 0.048 1*** 1.201 4**
(1.88) (2.41) (2.66) (2.95) (2.89) (2.53)
-0.099 7 0.002 4 0.390 9 0.053 8 0.012 6 0.459 8**
Linear Model
( -1.40) (0.16) (1.23) (0.68) (0.92) (1.96)
Panel B:
BRT 0.461 5*** 0.006 1*** 1.243 6™** 0.512 8*** 0.006 3*** 0.981 1 ***
(6. 46) (5.61) (10.13) (7.41) (5.93) (8.78)
0.461 5*** 0.007 0*** 1.170 0 *** 0.461 5*** 0.006 6*** 0.920 5***
BRT-MIDAS
(6.46) (6.69) ( 10.86) (6.46) (6.18) (9.17)
0.461 57 0.006 77*** 1.033 6*** 0.435 97 0.006 0*** 0.699 47
GARCH
(6.46) (6.31) (7.10) (6.01) (5.57) (7.09)
0.512 8*** 0.007 37*** 0.785 57 0.512 8*** 0.007 37 0.785 57
MIDAS
(7.41) (7.15) (10.22) (7.41) (7.15) (10.22)
Panel C:
BRT 0.112 3" 1.787 7" 0.994 8" 0.181 17 2.155 7% 1.455 7
(1.88) (1.79) (1.75) (2.95) (2.27) (2.16)
0.112 3" 1.787 7" 0.880 0 0.181 17 2.155 7% 0.6951"
BRT — MIDAS
(1.88) (1.79) (2.00) (2.95) (2.27) (1.82)
-0.099 7 -0.1749 0.408 4 0.053 8 0.600 2 0.412 4
Linear + GARCH
( —1.40) ( -0.21) (1.03) (0.68) (0.78) (1.55)
-0.099 7 -0.1749 0.363 8" 0.053 8 0.600 2 0.3342"
Linear + MIDAS
( —1.40) ( -0.21) (1.38) (0.68) (0.78) (1.63)
HM .CM BH o
3 A B C

10% 5% 1%
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( DE) .
( linear model) ~ BRT CSED,
( CSED) * BRT
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CSED, ( cumulative squared error difference) ( DE)
Ty ( linear mod—
k ;k PreMean el) 2008 2009
T . CSED,
2 BRT
()
(h)
2
Fig. 2 Out-ofsample cumulative squared error differences relative to historical means
3.3 BRT ?
3 BRT
BRT
A
( NTIS) ( 18.36%) . ( TO)
( 15. 53%) ( SVR) (

13.53%) .

67
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“ ” ( hot issue)

69

( NTIS) ) 70

68

(a) (b)
3

Fig. 3 Relative feature importance of BRT prediction models for return and volatility

B
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BRT
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(b)
4
Fig. 4 Partial dependence plot of BRT prediction of return and volatility
3.4 Ja—
BRT cobsen
0 1
?
? Rzoos 6
6 RYs 1%
Table 6 R} results of models under different market conditions/%
Obs Prevailing Mean Linear BRT Prevailing Mean Linear BRT
all 156 -0.57 0.25 3.72 0.18 -5.10 3.96
Panel A:
I r1=0.5% 79 -1.10 2.46 4.92 -0.30 -0.14 4.28
I rl=1.0% 40 -1.06 2.50 5.40 -0.59 2.55 4.17
Il rl=1.5% 23 -1.93 2.76 7.35 -1.46 5.16 4.83
Panel B:
r=0.5% 40 18.50 24.21 30.59 13.91 -4.00 21.72
r=1.0% 21 15.95 23.00 28.47 12.29 1.88 20.69
r=1.5% 12 14.13 27.65 31.26 11.29 8.80 21.17
Panel C:
r<-0.5% 39 -19.54 -18.01 -19.24 -13.66 3.49 -12.13
r<-1.0% 19 -16.30 -15.88 -15.28 -12.13 3.15 -10.63
r<-15% 11 -14.50 -16.71 -11.36 -11.44 2.31 -7.96

2
R()()S .



— 152 — 2023 10
A CAPM o
BRT
R} s 2% 7
B C BRT BRT
B
BRT 0.67% A
R}s 28%  20%
C BRT 0.057 0 . A
BRT BRT
. BRT
0.1330 0. 155 3( 0. 460 7
0.5379)
4 5% CAPM « a
6.60% 8.52%. B
“. BRT BRT  BRT-MIDAS
BRT
( 1. 06% 12.72%)
? ( 0.129 1 0.447 2) BRT-MIDAS
CAPM « BRT-MIDAS 0. 53% (
6.36%) BRT-MIDAS
1.07%
r T ( 12. 84%) 0. 140 4 (
w, 0.486 4) CAPM « 0.63% ( 7.56) .
(1 -w,) A B BRT Market B
Market B 1 BRT
T, =Ty, +1;1t r, (12)
BRT
5
5 BRT
(w, =1) 2007
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BRT 200% RF
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7
Table 7 Portfolio return performance
Mean ‘ Sharpe ‘ CAPM o ‘ Market B Mean ‘ Sharpe ‘ CAPM « ‘ Market B
Panel A:
1.18%" | 0.1330 | 0.55% ** 0.79 %% 1.31%" | 0.1553 | 0.71% ** 0.75%*
BRT
(1.70) (2.06) (9.43) (1.89) (2.49) (9.03)
0.66% 0.065 4 0.08% 0.717*** 0.74% 0.084 9 0.23% 0.58%**
Linear Model
(1.03) (0.27) (6.84) (1.20) (0.69) (5.36)
Panel B:
1.06%" | 0.1291 | 0.49%" 0.627* 1.05%° | 0.1346 | 0.51%" 0.54 %
BRT
(1.64) (1.78) (8.04) (1.66) (1.79) (7.07)
1.02% 0.109 7 0.53%" 0.55%** 1.07% 0.1404 | 0.63% ** 0. 447
BRT — MIDAS
(1.36) (1.78) (7.35) (1.62) (2.20) (6.12)
0.86% 0.1117 0.36% 0.50%** 0.74% 0.1117 0.32% 0.34 7
Linear + GARCH
(1.53) (1.22) (5.71) (1.50) (1.15) (4.29)
0.90% 0.1199 0.40% 0. 44 %% 0.84%" | 0.133 4 0.43% 0.327%*
Linear + MIDAS
(1.62) (1.38) (5.74) (1.64) (1.52) (4.34)
Panel C:
0.67% 0.057 0
Market
(0.83)
« CAPM «
Market B. CAPM o Newey-West A
1 0 B 01 C
NN 10% 5% 1%
12
5

Fig. 5 Line chart of cumulative returns of different strategies
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spective

LI Bin' * LONG Zhen' *
1. School of Economics and Management Wuhan University Wuhan 430072 China;
2. The Centre of Finance Research Wuhan University Wuhan 430072 China

Abstract: Equity premium prediction is one crucial research problem in finance. The traditional linear model

suffers from model misspecification and parameter instability weakening its out-of-sample prediction perform—

ance. This paper re-examines equity premium predictability in the Chinese stock markets. Based on the data

from January 1996 to December 2019 we adopt Boost Regression Trees ( BRT) to predict market return and

volatility. Empirical results show that BRT outperforms traditional methods in predicting return volatility and

optimal portfolio allocation. The three most important variables in the prediction model include Net Issuance

Turnover and Stock Variance. The BRT’ s predictability is driven by its ability to capture nonlinearity among

variables. Finally the optimal portfolios constructed by BRT result in higher returns and utility to investors.

Our work contributes to the literature by leveraging the nonlinear machine learning method for the equity pre—

mium study thus providing new research perspective.

Key words: equity risk premium; boosting regression tree; out-of-sample prediction; machine learning



