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G (N) =15N +14 (o S0 €k piy)
ICASK G (N) = ( RMSE) .
N? + 14N. ICASK 1 T=1 000 500
N’ SF-TVSNP RMSE
N SF-TVSNP SGE  SST SNP
ICASK . .
SF-TVSNP G,(N) = SST ARCD SGE
ON + 14
. RMSE
4 SNP RMSE
SF-TVSNP 1 RMSE
Table 1 RMSE of conditional moments under different distribution specifications
SF-TVSNP . SF-TVSNP SGE ST
( TVSNP) SNP SST SGE SNP SST SGE
0.020 0.026 0.026 0.021 0.021 0.021
(0.025) | (0.025) |(0.080) |(0.031) | (0.030) | (0.040)
( ARCD) . Ghalanos t( SST) 0.15 | 0.207 | 0.124 | 0.139 | 0.126 | 0.110
( SGE) ARCD (0.251) | (0.287) | (0.543) | (0.177) | (0.233) | (0.202)
0.388 4.722 0.534 0.3% 0.269 0.333
(1.563) | (45.664) | (1.926) | (1.330) |(2.894) | (1.542)
500 RMSE RMSE
TVSNP
ARCD
5
5.1
2005 7 1 2019 6 30 300 : ( expected utility FU)
: ( Value at Risk VaR)
1 (SST  SGE) _ el
(8) ' Ry =Wialin Wen = w0, 5 Wy
¢ U ¢ . t+1 t+1
2 o O
T+1 . M, R. =w,(u+Bp,)
3 1T ViR, =w, 3., w,
TVSNP SST-ARCD SGE-ARCD S R, =w.S.(w.®w,.)
T+l K Ry =wl K., (w, @w., ®w,)

(27)

((}%41 §z a1 ek, '1‘+|) .
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Mo 20 8. K, Tis1
; @« B SF-TVSNP (29) t+1
Martellini Zie—
mann " Jondeau  Rockinger " 5.2

( constant relative risk aversion CRRA)

EUx(wH,)z—%V, R, +L(6&1)s, R., - 300
300 2018 5 31
%ﬂl{z R, (28) 2005 7 1
y 2019 6 30 (
(28) P41 3403 )
. t+1
VaR Cornish-Fisher 3
VaR 206
VaR (10, ==V, Ry (g2 g2et) +
300
%(Zgi%ga) - .2
2
%(292 -54.) ) (29) .2
g, o SS,. =
SR g KRy
(V, R, )~ (Vi R, )
2
Table 2 Descriptive statistics of asset returns
ADF JB
300 0.059 1.749 -0.413 3.533 -12.894 | 1870.601
Min -0.042 1.593 -0.925 1.809 -15.933 471.799
01 0.044 2.584 -0.282 3.359 - 14.579 | 1640.790
Med 0.069 2.832 ~0.114 4.056 ~14.200 | 2345.976
Mean 0.068 2.809 -0.133 4.586 ~14.142 | 3542.170
03 0.093 3.115 0.012 5.429 - 13.710 | 4269.680
Max 0.147 3.644 0.502 13.823 -12.075 | 27 268.709
. ADF 1% -4.53 JB 1% 5.99.
N
Martellini  Ziemann "
206 300 10
2000 1 1 —2019
6 30 5
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5.3
10 2305 (464 )
5.1 SF-TVSNP
(EU)
SF-TVSNP “ ”
N =10 N =100
TVSNP
N <15 916 17
3 300 TVSNP
Table 3 Estimated TVSNP coefficients of CSI300
ARMA-GARCH TVSNP CSNP
0.001 ** -0.074™** — 0. 064 ***
Po S0 O
(0.001) (0.037) (0.020)
- 0.853*** -0.385 0. 503 ***
P o511 o2
(0.071) (0.239) (0.039)
0. 876 0.014
P2 81
(0. 066) (0.033)
0. 000 0.077 7
wq 51;
(0.000) (0.029)
0. 9457 0.122"
W) O
(0.008) (0.064)
0. 054 *** 0. 4647
w, Oa1
(0.008) (0.148)
0.361***
87
(0.080)
-0.074
On
(0.070)
LLy =-1570.044 LL,=-1590.159
LRp=3.041"
10% o 5% e 1% . LLpy,  LLg
TVSNP  CSNP LR,
TVSNP
2005 7 1 2019 6 CSNP
30 3 403 TVSNP 3
2 4 3 300
300 TVSNP ;
ARMA-GARCH - 5 85 0.
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0,, 1%. ( multiple test)
Sidak
TVSNP  CSNP a,,=1-(1-a)" n =206
1 300
TVSNP : ARCH
No 1
(26)
. CSNP 4
1%
1. 46%
SF-TVSNP
206
o 10% 5%
1 300
Fig. 1 Time varying higher-order moments of CSI300
4
Table 4 Frequency summary of the LR statistics of the idiosyncratic errors

a,, =0.1 a,,, =0.05 a,, =0.01

100. 00% 100. 00% 100. 00%

100. 00% 100. 00% 100. 00%

4.85% 1.94% 1.46%
206
5.4 SF-TVSNP . SF-TVSNP
5.2
5.3 .
SF-TVSNP Martellini  Ziemann "
(SF)

SFECSNP( sF-error constant SNP) SF
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( Benchmark) ; SF-TVSNP T
Turnover = T, -1 ; Turnover,
( EWMA) ® ) 1 To-1 N " o 130
ICASK ° . L-1& & e
N
- (MV) Turnover, = 21 ‘“’f el =W, ‘ t t
+1 T,
(EW)
l?t =R,(1 =c* Turnover,) (31)
2 2) 3) ¢ 0.5%.
( Modified VaR) ; 4)
7 3) ; 6) ( Turnover) ; )
7) ( Max Drawdown) . CARA (y =10)
(29) ( Vw,=0).
5
Table 5 Out of sample portfolio performance
/ /
1% 1% % %
(A) N =10
EW 2.954 27.547 2.942 -0.646 5.429 0.069 0.000 56.855
SF-ECSNP 4.515 26.306 2.521 —-0.487 11.816 0.131 0.538 55.173
SF-TVSNP 4.599 26.262 2.509 -0.445 11.482 0.134 0.539 54.857
ICASK 5.422 39.278 4.011 -0.463 6.445 0.110 1.975 74.271
EMWA 2.356 27.120 2.908 -0.631 4.961 0.048 0.252 57.679
SF 1.776 26.948 2.872 -0.630 5.544 0.027 0.172 58.550
MV 3.057 27.069 2.872 -0.614 5.545 0.074 0.196 57.274
(B) N = 100
EW 3.142 24.231 2.642 -0.704 4.397 0.086 0.000 57.570
SF-ECSNP 3.982 16.508 1.687 -0.269 3.836 0.176 1.512 32.874
SF-TVSNP 4.050 16.511 1.688 -0.272 3.835 0.180 1.515 32.811
SF 2.536 18.209 1.928 -0.456 3.713 0.081 1.118 42.152
MV 1.694 18.015 1.896 -0.422 3.925 0.036 1.118 41.136
2010 1 1 2019 6 30
5 (N = 5 1)
10 N =100)
N =100 ICASK EWMA “ SF-TVSNP( SF-ECSNP)
7 . SF-TVSNP  SF-TVSNP

3 EWMA 0.95.
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4.011%
SF-TVSNP

(39.278%
74.271% )
ICASK
N =100  SF-TVSNP
SF-TVSNP

; 3) N 10 100

SF-TVSNP
1 4) ICASK
SF-TVSNP

Martellini  Ziemann . N

SF-TVSNP SF MV

SF-TVSNP( SF-ECSNP)
()

SF-TVSNP

[13 ”»

SFXCSNP
ICASK
SFECSNP

5.5
5.4

1)

GIR-GARCH(1 1)  TGARCH(1 1)
.GJR-GARCH
o =w, fw,0_+ 0, +omax(z,_, 0 z_,(32)
GJR-GARCH GARCH
t -1

t
. TGARCH

0,=wytw,0, +w, max(z,_; 0) +
w, min(z,_, 0) (33)
2)
CRRA

15 ( )

a=0.01 a=
0.05.

(2000 1 1 —2019

: 2005 7 1 —2009 12
31

; 2006 1
2009 12 31 ( 4 )

(N = 100)
SFECSNP  SF-TVSNP
SF-ECSNP

5.4

1) GJR-GARCH
SF-ECSNP
GJR-GARCH TGARCH

TGARCH

; 2) 3) 6 5
SF-ECSNP
; 4) 4
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2008
GIR-GARCH(
SFECSNP TGARCH)
6 SF-ECSNP
Table 6 The robust checks of the SFECSNP portfolio
1% 1% 1% /%

TGARCH 5.232 16. 184 1.630 -0.192 | 3.682 0.256 1.034 33.800
(1

GJR-GARCH 4.977 16.222 1.634 -0.188 | 3.707 0.240 1.037 33.828

EU( y=1) 4.372 17.214 1. 695 -0.277 | 6.792 0.192 1. 148 33.223
(2)

EU( y=15) 4.753 17.223 1.701 -0.289 | 6.686 0.213 1.186 32.639

VaR( «=0.01) 4.428 17.217 1.679 -0.229 | 6.897 0. 195 1.169 33.976
(3)

VaR(a =0.05) 3.616 17.378 1.701 -0.234 | 6.799 0. 147 1.122 33. 800

4 3.858 17.760 1. 807 -0.350 | 5.309 0. 157 1. 100 41. 028
(4)

6. 158 18.700 1.947 -0.376 | 3.477 0.271 1. 396 42.483

SF-ECSNP 2010 1 1 2019 30
SF-TVSNP
1) SF-TVSNP
“ ”»
) 2)
300
( SF- SF-ECSNP © 3) (
TVSNP) SF-TVSNP
Martellini SF-TVSNP
Ziemann ( N =100)
; 4) SF-TVSNP
OLS

300
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High dimensional time-varying higher-order co-moments modeling and its
application in portfolio selection. Based on a single factor semi-nonparamet—
ric distribution model
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Abstract: This paper proposes a dynamic time-varying higher-order co-moment modeling method based on a
single factor time-varying semi-nonparametric ( SF-TVSNP) model. The model specification model estimation
and model selection approaches are given. The single factor model can efficiently reduce “the curse of dimen—
sionality” problem in the time-varying higher-order co-moments estimation and the semi-parametric structure
can improve the robustness of the SF-TVSNP model. The empirical studies show that the SF-TVSNP model can
effectively capture the time-varying structure of higher-order co-moments of asset returns and is more suitable
for the latent structure of asset returns. Further high-dimensional dynamic portfolios based on the SF-TVSNP
model can be applied to high-dimensional scenarios and generate higher and stable economic value as further
confirmed by robust analysis.
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