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[ ( LTY) :
[ J (DY) : 500
o (LTR) :
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. AAA
[ ( SVAR) : [ ( DFR) :
500 .
[ (BM): [ ( INFL) :
( CPI)
o ( NITS) : CPL
1927 1 2019
12 1
[ J (TBL) :
1
Table 1 Descriptive statistics
Mean Median Min Max Std. Dev | Skewness Kurtosis JB Q(1) | 0(10)
RET 0.005 0.010 -0.339 0.346 0.054 -0.438 10. 898 <0.001 0.007 <0.001
P -3.386 | -3.359 | -4.524 | -1.873 | 0.465 -0.172 2.564 <0.001 | <0.001 | <0.001
DY -3.381 -3.351 -4.531 -1.913 0.462 -0.198 2.542 <0.001 | <0.001 | <0.001
EP -2.745 -2.797 -4.836 -1.775 0.415 -0.554 5.526 <0.001 | <0.001 | <0.001
SVAR 0.003 0.001 0.000 0.071 0. 006 5.836 47.294 <0.001 | <0.001 | <0.001
BM 0.561 0.535 0.121 2.028 0.267 0.787 4.390 <0.001 <0.001 | <0.001
NTIS 0.016 0.017 -0.058 0.177 0.026 1.603 10. 839 <0.001 | <0.001 | <0.001
TBL 3.374 2.900 0.010 16.300 3.073 1.108 4.369 <0.001 | <0.001 | <0.001
LTY 5.071 4.190 1.750 14.820 2.785 1.109 3.648 <0.001 | <0.001 | <0.001
LTR 0.478 0.305 -11.240 15.230 2.454 0.591 7.453 <0.001 0.194 0.249
DFY 1.122 0.900 0.320 5.640 0.687 2.513 12.087 <0.001 | <0.001 | <0.001
DFR 0.038 0.050 -9.750 7.370 1.366 -0.375 10.495 <0.001 | <0.001 | <0.001
INFL 0.241 0.240 -2.055 5.882 0.528 1.087 16.968 <0.001 | <0.001 | <0.001
500 (RET) 12 .JB Jarque-Bera
p (k) k Ljung-Box Q . 1927 1 2019 12
MSPE .
-1
3 r, = ; i ] ; r;
R ( R.) Clark  West '
( MSPE) (CW) W
MSPE, HOZ MSPEI = MSPEO
R MSPEI Hli ]WSPE1 < MSPEO .
Ry,s =100 x (1 - m) (22)
1 < JE o= =r) =(r=r) +(r,=1)" (23)
MSPE, = (ro —1.) MSPE, =
-mi=, /i ¢ cw
= )
(T = Ti)
r-m&, 1947 1 2019 12
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Table 2 Out-ofsample evaluation results based on R%g
(1947 —2019 ) (1947 —1983 ) (1984 —2019 )
OLS TRWLS OLS TRWLS OLS TRWLS
DP -0.143 0.650 ** 11127 1.428 *** -1.252 -0.036
DY -0.480 0.702** 1.091 *** 1.640 *** -1.867 -0.125
EP -1.506 -0.271 -1.748 -0.568 -1.291 -0.008
BM 0.137 1.016 *** -0.079 0.538** 0.328 1.438**
NTIS -1.567 0.349" -0.887 0.875" -2.167 -0.117
TBL -0.532 0.005 0.440 0.888 -1.390 -0.774
LTY 0.091" 0.218** 0.560" 1.245** -0.324 -0.690
LTR -0.625 -0.537 -1.065 -0.813 -0.236 -0.294
DFY -0.647 0.141* -1.512 -0.013" 0.116 0.276
DFR -0.170 0.220" -0.162 0.619 ** -0.178 -0.131
INFL -0.235 0.276" -0.663 0.191 0.143 0.352
SVAR -0.044 0.570** 0.234 1.316** -0.290 -0.090
EWMC 0.511** 1.064 *** 1.086*** 1.760 *** 0. 004 0.448 **
DMSPE (0.9) 0.499 ** 1.055*** 1.061 *** 1.744 %% 0.002 0.447
DMSPE (1) 0.534 ** 1.069 *** 1.085 *** 1.769 *** 0.047 0.451**
T™C 0.516** 1.059 *** 1.055*** 1.745 %% 0.041 0.455**
Yang (2014) 0.511*F 1.063*** 1.083 *** 1.758*** 0.005 0.448 **
12 5 . OLS TRWLS
R*( Ryys) LRy 0
TRWLS OLS Clark ~ West TR e
10% 5% 1%
OLS 5
R} 0.499% ~0.534% 5% Goyal ~ Welch '
. TRWLS 1976
OLS R} 1.055% ~1.069%
1% . TRWLS
12
10
(1947— . TRWLS R
1983  1984—2019) 1.08% 1. 75%
OLS Ris 0 0.45%
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Fig. 1 Cumulative sum of squared error differences of univariate models
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Fig. 2 Cumulative sum of squared error differences of forecast combinations
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Table 3 Forecasting performance evaluated by certainty equivalent return ( CER)
(1947  —2019 ) (1947 —1983 ) (1984 —2019 )
OLS TRWLS OLS ‘ TRWLS OLS TRWLS
DP -0.750 1.488 0.516 1.680 -2.034 1.297
DY -1.191 1.709 0.033 2.527 -2.431 0.880
EP 0.047 1.497 -0.615 0.239 0.734 2.790
BM 0.448 1.519 -0.148 0.853 1.060 2.204
NTIS —-1.425 1.280 -0.201 1.213 -2.660 1.353
TBL 0.759 1.488 0.598 1.821 0.922 1.145
LTY 0.901 0.678 2.153 2.290 -0.382 -0.977
LTR 0.575 1.155 1.521 2.496 -0.394 -0.222
DFY -0.091 1.786 -0.862 1.752 0.702 1.821
DFR -0.557 0.413 -0.340 0.852 -0.779 -0.039
INFL 0.374 1.387 -0.609 0.789 1.386 2.002
SVAR 0.149 1.270 0.451 1.938 -0.160 0.583
@ 5 29 N 30 31 .
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3
Table 3 Continues
(1947 —2019 ) (1947 —1983 ) (1984 —2019 )
OLS TRWLS OLS TRWLS OLS TRWLS
EwMC 0.999 2.111 1.637 2.363 0.351 1.853
DMSPE( 0.9) 0.979 2.108 1. 605 2.359 0.342 1. 851
DMSPE( 1) 1.197 2.222 1. 854 2. 556 0.528 1. 881
T™C 1. 107 2.186 1.726 2. 486 0.479 1. 879
Yang(2014) 1.002 2.112 1.639 2.366 0.354 1.853
12 5 .OLS TRWLS
@ = Gy, =
W T=1 Gl t mo,
0 1.5 Y 3.
( CER) CER 1 200 TR-
WLS OLS
. TRWLS 12
5 R0,
RWLS Rys
TRWLS ; 0.88% TRWLS
TRWLS TRWLS
5.1 . TR-
TRWLS WLS 210 CER
CER
187.3
4
( TVP) TVP RWLS
Robinson *® TVP
TRWLS
Johnson * . TVP
( VWLS) R}, CER
. Huber ” TRWLS . TVP
(25)
w, 0~1.5
TRWLS
RWLS TVP
4 TRWLS TRWLS
TR- TVP
WLS R}, TR-  RWLS

WLS
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4

Table 4 Results for comparison with alternative approaches

R% ¢ CER
VWLS Huber TVP RWLS TRWLS VWLS Huber TVP RWLS TRWLS
Dp 0.432%F 0.325" 0.240** 0.626*F 0.650 ** 0.997 0.333 0.429 1.007 1.488
DY 0.501** 0.466 ** 0.286™* | 0.798* | 0.702** 1.059 0.465 0.430 0.998 1.709
EP 0.295** 0.008 —-1.485 -0.562" -0.271 1.552 1.618 -0.076 1.314 1.497
BM 0.381** 0.695** -0.108 0.656** | 1.016 ™" 2.103 1.120 0.218 0.947 1.519
NTIS —-0.288 -0.025 -0.928 -0.138 0.349" 0.976 0.398 -0.489 1.097 1.280
TBL -0.545 0.001 0.546*F -0.285 0.005 0.946 0.996 2.102 0.923 1.488
LTY 0.981°* | —0.043** | 0.057** 0.301** 0.218** 1.631 1.519 0.894 1.043 0.678
LTR 0.632%** | —~0.954" -0.793 | -0.191** -0.537 0.881 0.772 0.532 1.180 1.155
DFY 1.0517%% | 0.427* | 0.175™" -0.370 0.1417* 1.988 2.103 1.484 0.830 1.786
DFR 0.216** -0.113 -0.369 0.058 0.220" 0.157 0.504 -0.075 -0.028 0.413
INFL 0.271" -0.602 -0.422 -0.171 0.276" 1.664 0.212 0.458 0.628 1.387
SVAR 0.128 0.195 0.129 0.215" 0.570** 0.914 1.094 0.745 0.698 1.270
EwMC 0.7247 | 0.76277F | 0.692°* | 0.8827* | 1.064 " 1.417 1.312 1. 869 1.709 2.111
DMSPE(0.9) | 0.724* | 0.7367* | 0.685™" | 0.874* | 1. 055" 1. 416 1. 305 1. 862 1.707 2.108
DMSPE( 1) 0.7387* | 0.74077* | 0.700** | 0.8857* | 1.069 *** 1.423 1. 460 1.873 1. 868 2.222
™C 0.7347* | 0.7357* | 0.687* | 0.877* | 1.059*** 1.422 1.401 1. 869 1. 807 2.186
Yang(2014) | 0.725™ | 0.761° | 0.6927* | 0.881* | 1.063*** 1.417 1. 315 1. 869 1.711 2.112
TRWLS .VWLS  Huber Huber( 1964)
TVP  RWLS . RWLS OLS .
5.2 R}, CER
RWLS TVP
#273% Campbell Cochrane R, 1.3%
1.4% CER OLS
Ros
2 CER 3
10
5 6 TRWLS . TVP
OLS;
TVP  RWLS . RWLS
NBER . OLS
TRWLS
. TVP
R,s 1.3% 2% CER 670 . TRWLS

1 000
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OLS TRWLS R}, 0.757%
TRWLS 7
TVP  RWLS
R, 1.969%  1.418%
TRWLS  Rj 2.296%; TR-
R, 0.474% 0.805% WLS
5 Rb,s
Table 5 Forecasting evaluation results under different economic states based on R

OLS TVP RWLS TRWLS OLS TVP RWLS TRWLS

Dp 2.1827%** 1.848™** 2.031 %% 2.095*** -0.728 -0.144 0.243" 0.190"
DY 3.3227%% | 3.093%F | 3,107 2.949 ** -1.487 -0.453 0.148" -0.047
EP -1.686 -3.454 -1.525 -0.060 -1.095 -0.416 0.077 ** -0.087
BM 0.685 0.395 1.106 1.793" -0.049 -0.218 0.464" 0. 689 **

NTIS -0.048 -1.671 -0.066 1.204 -2.014 -0.565 -0.270 0.003
TBL -3.893 1.717 -3.057 -0.983 0.385™* | 0.404™* 0.454** 0.318*F
LTY 1.457 1.917 1.470 2.734° 0.124" | 0.031™* | 0.381** -0.09"
LTR 1.299 0.008 1.118 1.182 -0.434 | -0.278" | 0.171* -0.273
DFY 1.087 4.936*** 1.574" 2.652** -1.131 -1.305 -0.990 -0.760
DFR -0.188 -0.451 -0.342 0.673" -0.192 -0.440 0.125 -0.018
INFL -0.428 -1.326 -0.502 -0.257 -0.230 -0.137 -0.148 0.412*
SVAR -0.399 1.126 -0.441 1.571° 0.204" 0.089 0.556 " 0.457*F
EwWMC 1.321 7% 1. 969" 14187 | 2,296 | 0.390™ | 0.474™* | 0.8057"" 0. 757
DMSPE( 0. 9) 1.3127%** 1. 967" 141577 | 2,290 | 0.377*" | 0.465™* | 0.7977" 0. 749
DMSPE( 1) 1.456*** 2.079" 153277 | 2,401 | 0.3787™ | 0.449** | 0.7757 0.731***
™C 1.386*** 2.008" 1.4737% | 2,336 | 0.377™" | 0.455** | 0.7837" 0. 740
Yang(2014) 1.320*** 1. 968" 14167 | 2,294 | 0.390™* | 0.473** | 0.8047" 0.756***

12 5 ( NBER)
OLS Rj,s
6 CER
Table 6 Forecasting evaluation results under different economic states based on CER gains
A: B:

OLS TVP RWLS TRWLS OLS ‘ TVP ‘ RWLS TRWLS

DbpP 9.521 6.256 6.518 8.061 -1.930 0.216 0.914 0.580

DY 14.698 10.235 10. 160 12.418 -3.008 | -0.143 0.630 0.224

EP 10.521 2.643 2.364 11.001 -1.142 | -0.150 0.877 0.298

BM 3.026 4.336 1.562 6.169 0.044 0.240 0.892 0.804

NTIS 10.244 0.015 0.056 10.079 -2.856 | -0.414 0.305 0.141
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Table 6 Continues
A: B:
OLS TVP RWLS TRWLS OLS ‘ TvVpP ‘ RWLS TRWLS
TBL -1.937 6.801 -10.125 2.477 0.945 1.433 1.439 1.482
LTY 6.475 7.411 4.516 6.848 0.691 1.107 1.849 0.300
LTR 9.498 6.985 6.835 9.858 0.133 0.867 1.834 0.659
DFY 5.737 9.056 2.281 7.763 -0.815 | -0.269 -0.072 0.977
DFR -1.360 2.856 -0.990 1.480 -0.496 0.036 0.660 0.234
INFL 1.409 -0.791 -0.594 0.972 0.144 0.838 0.763 1.500
SVAR 1.465 4.756 0.198 5.812 0. 141 0.579 1.214 1.026
EWMC 6.739 10. 029 5.772 10. 568 0.411 1.113 1.704 1. 095
DMSPE( 0.9) 6. 730 10. 029 5.810 10. 594 0.391 1. 106 1. 699 1.088
DMSPE( 1) 8.316 10. 216 6. 600 11. 756 0.414 1.101 1. 694 1. 055
™C 7.719 10. 154 6.307 11. 333 0.398 1. 095 1. 688 1.072
Yang(2014) 6. 765 10. 033 5.786 10. 589 0.410 1.112 1.703 1. 094
12 5 ( NBER)
OLS CER 3.
7
Table 7 Correlations of hyperparameters under different economic states

DpP 0.259 %% 0.635*** 0.193***

DYy 0.230 % 0.684*** 0.154***

EP 0.265** 0.407 *** 0.224***

BM 0.385 7% 0.465*** 0.368 ***

NTIS 0.247 *** 0.5927% 0.186***

TBL 0.369 *** 0.517 0.335**

LTY 0.287 %% 0.349 *** 0.286***

LTR 0.263 % 0.493*** 0.230***

DFY 0.198 *** 0.277 *** 0.186***

DFR 0.346*** 0.625*** 0.310***

INFL 0.201 *** 0.402 0.158**

SVAR 0.306*** 0.443*** 0.275***

Average 0.487 *** 0.734*** 0. 440 ***

( NBER)
T e 10% 5% 1%
5.3
TRWLS
TRWLS
TRWLS R, 1%
2
R 0.75%
8
TRWLS TRWLS
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OLS
8 TRWLS
Table 8 Forecasting results of the combinations for TRWLS with different hyperparameters
R% ¢ CER
1 2 1 2
DP 0.594** 1.284 7 -0.016 0.997" 0.4317 1.015 1.212 0.821 5.600 0.341
DY 0.65 ™ 1.5117 -0.110 | 1.946** 0.228" 1.013 1.699 0.319 9.381 -0.130
EP -0.447" -0.939" -0.013 -1.824 | 0.1417 1.374 -0.161 2.953 9.109 0.320
BM -0.219 -0.118 -0.309 -0.086 -0.385 1.181 0.520 1.859 3.368 0.792
NTIS -0.322 -0.336 -0.310 -1.040 -0.239 0.846 1.029 0. 665 6.965 0.016
TBL -0.381 0.289 -0.973 -3.178 | 0.328** 1.170 1.303 1.032 -0.623 1.363
LTY 0.339** 1.2557 -0.469 1.354 0.446** 1.166 2.604 -0.310 6.970 0.842
LTR -0.405" -0.57" -0.260 0.540 0.04** 1.210 2.524 -0.139 8.814 0.879
DFY -0.033" -0.187 0.103 1.857"* -0.719 1.702 1.772 1.630 7.487 0.924
DFR -0.018 -0.026 -0.011 -0.617 -0.009 0.358 0.577 0.133 -1.206 0.507
INFL -0.146 -0.615 0.269 -0.939 -0.067 1.360 0.640 2.099 -0.401 1.550
SVAR -0.038 0.391 -0.418 -1.061 0.374™* 1.182 1.587 0.765 4.503 0.953
EWMC 0.758** | 1.331% 0.252" 0.778** | 0.770*** 1. 568 1.711 1.525 6.297 0.992
DMSPE(0.9) | 0.752* | 1.319*** 0.250" 0.778** | 0.763*** 1. 568 1.713 1.522 6. 350 0.985
DMSPE(1) | 0.767*** | 1.336™"" 0.264" 0.903** | 0.744** 1.728 1. 865 1. 587 7.813 0. 961
™C 0.755™ | 1.312°% 0.264" 0. 834 | 0.750*** 1. 668 1.758 1.576 7.227 0.974
Yang(2014) | 0.7577°* | 1.3297 0.252" 0.777°* | 0.769*** 1.571 1.715 1.526 6.321 0.991
1(1947—1983) 2(1984—2019)
( NBER)
k
6 k :
k N(k) = Cllcz =
6.1 M2 - BT 1122!_ IR Elliott %
k
. Elliott
3 k=i k
k<
TRWLS 9 ©
Elliott %
K . OLS
k 251 < (ie
k <K) . k 12 15 ) R}, 0.545% .




— 154 — 2024 1
TRWLS 100 200 400
(ie 17) 1%
Ro,s 1.025% TRWLS
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TRWLS CER
9
Table 9 Forecasting results of subset regressions
Rb,s CER
OLS TRWLS OLS TRWLS
k=1 0.511** 1.064 0.999 2.111
k=2 0.545™** 1.270 7 1.177 2.870
k=3 0.402** 1.407 0.950 3.315
k=4 0.158** 1.438 %% 0.790 3.504
k=5 -0.221° 1.4057 0.839 3.732
k=6 -0.793 1.267 0.853 3.963
k=1 -1.634 1.025** 1.049 4.014
k<2 0.553** 1.2387 1.177 2.750
k<3 0.459** 1.376 1.044 3.236
k<4 0.297** 1.433 %% 0.892 3.425
k<5 0.082" 1.448 %% 0.888 3.605
k<6 -0.172" 1.422%* 0.949 3.792
k<7 -0.433" 1.378 0.978 3.955
k k=1,
k <i.
6.2 5
5
2
. ROUS
5 ( 2.2 ) 1% CER 200 TRWLS
10
10 TRWLS
Table 10 Forecasting results of TRWLS based on alternative kernel functions
Riys CER
Gaussian | Epanechnikov|  Quartic Linear Cosine Gaussian | Epanechnikov | Quartic ‘ Linear ‘ Cosine
DpP 0.638 0.692*** 0.4227** 0.635** 0.572% 1.424 1.546 0.513 1.381 0.874
DY 0.545** 0.862*** 0.416** 0.956 *** 0.728* 1.522 1.896 0.682 1.880 1.213
EP -0.342" 0.151** 0.119° 0.064" 0.2317 1.505 2.279 2.067 1.665 1.792
BM 0.71% 0. 658 0.354" 0.903** 0.9117** 1.461 1.419 0.416 0.808 0.704
NTIS 0.244" 0.547** -0.214 0.243" 0.134" 1.194 1.491 1.279 1.849 1.939
TBL -0.02** -0.295" -0.301" -0.275 —-0.252 1.538 1.449 1.161 0.956 1.099
LTY | 0.263** 0.269 " 0.176™* | 0.409* 0.4 0. 681 0.922 1.349 | 1.258 | 1.232
LTR -0.554" -0.414" -0.131** -0.22" -0.092** 1.078 1.229 1.484 1.353 1.399
DFY 0.12%* 0.216** 0.307 ** -0.228" -0.358 1.663 1.968 1.941 1.460 1.410
DFR 0.211" 0.029 -0.180 0.085 0.042 0.434 -0.095 -0.271 | 0.091 -0.007
INFL 0.234" 0.089 -0.457 0.375" 0.255" 1.316 1.511 0. 460 1.434 1.086
SVAR 0.53%* 0.5727** -0.567 0.174" 0.222° 1.213 1.057 0.860 0.987 0.945
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Table 10 Continues
Rous CER
Gaussian | Epanechnikov|  Quartic Linear Cosine Gaussian | Epanechnikov uartic Linear Cosine
P
EWMC | 1.004*** 1. 129 %+ 1. 05*** 1.0737%% | 1.049 % 1. 964 2.119 1.720 2. 088 1.954
DMSPE
(0.9) 0. 995 *** 1. 1217 1.0457%% | 1,067 | 1.043*** 1.961 2.116 1.722 2.087 1.954
DMSPE ) ) )
(0 1. 013 %% 1. 141 %% 1.0427%% | 1,074 | 1.051*** 2.087 2.247 1.879 2.222 2.106
TMC | 1.002*** 1.13*** 1.0397% | 1.066™* | 1.044*** 2. 046 2.206 1. 821 2.171 2. 051
Yang ) ) )
(2014) 1. 003 ™ 1. 128 1.0497% | 1.07277" | 1.063*** 1. 966 2.121 1.721 2.090 1. 956
12 5 . R*( R:s) CER
6.3
2
R()OS
12 CER
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18 . 11
11 TRWLS

Table 11 Forecasting results of TRWLS based on different validation sample lengths

R, s CER

6 9 15 18 6 ‘ 9 ‘ 15 18
DP 0.719*** | 0.834™* | 0.638** 0.466** 1.468 1.654 1.424 0.970
DY 0.78*** | 0.802% | 0.545** 0.696 ** 1.670 1.961 1.522 1.300
EP -0.338" -0.107" -0.342" -0.301" 1.763 2.086 1.505 1.380
BM 0.413" 0.581** 0.71** 0.59** 1.210 1.275 1.461 1.186
NTIS 0.183" 0.185" 0.244 0.085 1.630 1.404 1.194 1.361
TBL -0.029" -0.347 -0.02** -0.09" 1.509 1.306 1.538 1.515
LTY 0.342** 0.529** 0.263** 0.424* 0.461 0.799 0.681 0.949
LTR -0.422" | -0.2937* | -0.554" -0.369" 1.118 1.232 1.078 1.099
DFY 0.143 0.128 0.12** 0.035** 1.444 1.515 1.663 1.786
DFR 0.323** 0.018 0.211° 0.112" 0.548 | 0.017 0.434 0.396
INFL 0.214" 0.142 0.234 0.117 1.119 | 0.964 1.316 1.406
SVAR 0.505** 0.595** 0.53* 0.545** 1.488 1.693 1.213 1.153
EWMC L0127 | 1.031°*% | 1.004* | 0.978*** | 2.039 1.942 1.964 1.929
DMSPE(0.9) | 1.005** | 1.025™ | 0.995™* | 0.970™* | 2.040 1.943 1.961 1.925
DMSPE( 1) 10177 | 1.046™ | 1.013*** | 0.983** | 2.142 | 2.078 2.087 2.040
T™MC 1017 | 1.034™ | 1.002* | 0.976*** | 2.111 2.037 2. 046 2.003
Yang(2014) 10117 | 1.0317%* | 1.0037** | 0.978*** 2.040 1.944 1.966 1.931

12 5
R* ( Rb,s)  CER
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Forecasting stock returns: A time-varying robust weighted least squares ap—
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Abstract: This paper proposes a time-varying robust weighted least squares ( TRWLS) approach to forecast
excess returns of S&P 500 index. TRWLS combines time-dependent weights and robustness weights  which al-
lows parameter to vary over time and to be robust to noises. The hyperparameters are selected using a machine
learning method. Empirical results show that the forecast combinations for TRWLS models can reveal signifi—
cant return predictability in both statistical and economic evaluation frameworks. Moreover the TRWLS meth—
od out-performs the ordinary least squares ( OLS) method and the state-of-the-art methods dealing with param—
eter instability. The predictive power of the TRWLS method comes from the complementary effect of two di-
mensions of the weights and hyperparameters learning. The forecasting performance is robust to the alternative
multivariate information methods kernel functions and validation sizes.

Key words: time—varying parameter; robust estimation; weighted least squares; machine learning;

forecast combination



