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Table 1 Descriptive statistics
t
(1) (2) (3) (4) (5) (6)
Ry - R, 0.77% 1.22 7.34% 1.24% -26.54% 19.92%
SMB 0.88% 2.59 3.95% 0.80% -15.95% 16.76 %
HML -0.24% -0.73 3.89% -0.35% -17.97% 15.70%
MoM -0.03% -0.07 5.11% -0.19% -15.91% 10.91%
RMW -0.10% -0.3 4.03% -0.38% -15.44% 15.44%
CMA -0.07% -0.32 2.59% 0.23% -6.05% 9.31%
Ry cu — Ry 0.66 % 1.11 6.98% 0.67% -25.09% 17.26%
SMB oy 0.71% 2.04 4.05% 0.64% -17.35% 17.73%
VMG 0.72% 2.33 3.60% 0.90% -10.28% 15.17%
/( ) 26.74 - 33.2 16.38 0.25 222.5
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t ( a//)
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; Py 0.
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Table 2 Percentiles of 1( @) and ¢( a”) of funds based on threedactors fourdactors fivedfactors Chinese threeactors models
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
o) () Py ) ! a) Py ") ! a) Pb t ) ! a) Py
1% -2.06 | -4.26 | 0.999 -1.93 | -4.50 | 0.999 -2.18 | -4.66 | 0.999 -2.12 -3.89 0.999
2% -1.83 | -3.49 | 0.999 -1.74 | -4.02 | 0.999 -1.92 | -3.80 | 0.999 -1.96 -3.80 0.999
3% -1.67 | =3.37 | 0.999 -1.59 | -3.66 | 0.999 -1.77 | =3.73 | 0.999 -1.73 -3.65 0.999
4% -1.57 | =2.74 | 0.998 -1.48 | -3.37 | 0.999 -1.60 | -3.55 | 0.999 -1.64 -3.39 0.999
5% -1.46 | -2.67 | 0.998 -1.39 | -2.94 | 0.999 -1.47 | -3.08 | 0.999 -1.50 -3.09 0.999
10% -1.17 | =2.21 | 0.99%4 -1.11 | =2.46 | 0.996 -1.16 | -2.58 | 0.999 -1.15 -2.54 0.999
20% -0.84 | -1.52 | 0.956 -0.78 | =1.74 | 0.980 -0.72 | -1.98 | 0.984 -0.71 -1.97 0.993
30% -0.54 | -1.04 | 0.859 -0.49 | -1.31 | 0.936 -0.41 | -1.61 | 0.960 -0.44 -1.61 0.957
40% -0.29 | -0.81 | 0.793 -0.24 | -1.01 | 0.881 -0.18 | -1.27 | 0.915 -0.19 -1.29 0.925
50% -0.07 | -0.52 | 0.692 0.01 -0.67 | 0.767 0.03 -1.01 | 0.870 0.02 -1.03 0. 866
60 % 0.17 -0.15 | 0.541 0.26 -0.34 | 0.645 0.24 -0.64 | 0.777 0.24 -0.64 0.776
70% 0.40 0.20 0.388 0.51 0.01 0.501 0.50 -0.33 | 0.665 0.50 -0.30 0.651
80 % 0.68 0.58 0.237 0.81 0.41 0.346 0.81 0.30 0.497 0.81 0.02 0.471
90 % 1.12 1.22 0.081 1.26 1.20 0.113 1.26 0.53 0.286 1.25 0.58 0.217
95 % 1.43 1.68 0.028 1.67 1.65 0.051 1.60 1.17 0.113 1.62 1.11 0.076
96 % 1.53 1.88 0.017 1.78 1.92 0.026 1.69 1.28 0.096 1.73 1.26 0.057
97 % 1.64 2.10 0.008 1.86 2.01 0.018 1.79 1.44 0.074 1.78 1.37 0.043
98 % 1.83 2.22 0.006 1.99 2.14 0.012 1.92 1.63 0.048 1.91 1.57 0.027
99 % 2.02 2.73 0.000 2.19 2.67 0.004 2.19 2.00 0.017 2.14 2.01 0.010
3.3 N oy -0.002 0
Fama  French ® Bootstrap -0.0019 -0.0037 -0.002 0.
Qy
«.
N N N 3 N N
oy oy 20% ~40%
3
N N N 210 ;
N 14
N N oy
-0.0016 -0.0021 -0.0032 -0.0024; Fama  French ® Bootstrap

N

A

. Fama



2023

— 146 —
French * Bootstrap
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Table 3 Coefficient estimates under equally weighted method and value weighted method
(¢t )
o -0.001 6 -0.002 1 -0.003 2" -0.002 4 -0.002 0 -0.0019 -0.003 7** -0.002 0
' (-0.8878) [( —1.2651) |( —1.7649) | =1.477 1)|( -1.0042) | ( —=1.0465) | ( —1.9745) |( -1.197 2)
Ry - R, 0.840 877 | 0.836 4™ | 0.858 0*** 0.807 27 0.824 27 0.877 7
¢ (3.1904) | (2.9870) | (3.3919) (3.1779) | (3.3962) (3.4022)
SMB -0.0738 | -0.0485 | 0.1375" -0.062 2 -0.037 2 0.150 2"
' ( -1.3653) |( —0.998 6) | (1.7128) (-1.2847) | ( -0.805 8) (1.949 0)
HML —-0.357 4™ -0.326 8 *|-0.274 27 —-0.377 3| -0.360 1 -0.278 1%
' ( =3.5330) |( =3.2772) |( -2.948 4) (=3.7286) | ( =3.5460) | ( -2.9309)
Mom 0.159 0™ 0.171 07
: (3.073 1) (3.974 3)
RMW 0.164 4" 0.142 0"
¢ (1.9222) (1.718 2)
CMA -0.1863** -0.190 07
¢ ( -2.3245) ( -2.600 6)
Ry cn — Ry 0.799 2*** 0.742 4%
' (2.6417) (2.543 0)
SMBy, 0.097 8 ~0.017 8
' (1. 140 6) ( -0.6317)
VMG ey 0.401 7*** 0.310 5**
' (3.546 0) (3.027 3)
R? 0.9322 0.945 6 0.939 8 0.937 1 0.928 4 0.949 2 0.957 2 0.928 9
T p<0.1; *F p<0.05; *** p<0.01.
N ay -0.001 6. =
-0.0021.-0.0032 -0.0024 Fama -0.001 6. =-0.0021.a = -0.0032 =
French *  Bootstrap a =0 -0.002 4
=-0.001l 6, =-0.002 1.« = -0.003 2 3.4 Kosowski
= -0.002 4 Bootstrap
N N N 4 Kosowski Bootstrap
a = -0.001 6.
a =-0.0021.a = -0.003 2 = -0.002 4. \ \ \
2 \ (
. . ) a=0
t( ) t( ") 19 (p, <=0.1)
17
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13 35.24%.
a=0
55 .66 .85 74
(p, >=0.9)
2 . N N (a) t(a)
Fig. 2 Distribution of {( a) and ¢ (") of funds based on threefactors fourHfactors five-factors
Chinese threefactors models under nonzero « assumption
(04

-0.0016 -0.0021 -0.0032 -0.0024
40 43 .43 41

26.19% 31.43% 40.48%

33 .32 .28
34
4 R . .
Table 4 Number of funds selected based on threefactors four-factors fivefactors Chinese three-factors models
0 19 9.05% 17 8.10% 9 4.29% 13 6.19%
“= 55 26.19% 66 31.43% 85 40.48% 74 35.24%
40 19.05% 43 20.48% 43 20.48% 41 19.52%
o = o
" 33 15.71% | 32 15.24% | 28 13.33% 34 16.19%
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= ay “Topl”
t(a) =3.06
a =0.008 “Topl” t( @)
p, 0.000 10 000  Bootstrap 36 210
a i(a)
i(a) =3.006. 10
3 “Topl 10 000 10 . 10
() i(a) =3.06 K (K=369 12 )
(o) (o) 1 1
( 36
) “Topl ” (a) = i @) 10
3.06 0 “Topl” 10 2012
t(a) =3.06 3 —2020 6
3 10
Topl % Bottoml Bottom1 % « 1(¢ ) 10
t(a) t( a) 5 (t )
6 2012 3
7 1 2009 3 —2012 2
2009 —2020 6
7 a
Table 7 Alpha of fund rolling portfolios based on fivefactors model
K=3 6 9 12
1 0.39% 0.30% 0.37% 0.19%
) (2.51) (1.92) (2.45) (1.24)
5 0.20% 0.25% 0.29% 0.21%
(1.21) (1.71) (1.94) (1.45)
; 0.03% 0.12% 0.12% 0.15%
(0.19) (0.74) (0.79) (0.95)
4 0.13% 0.17% 0.08 % 0.10%
(0.84) (1.02) (0.48) (0.67)
s 0.20% 0.09% 0.11% 0.04%
(1.43) (0.61) (0.70) (0.24)
6 0.05% 0.04% -0.01% 0.08%
(0.32) (0.24) ( -0.06) (0.45)
; -0.05% 0.01% 0.08 % 0.08 %
( -0.28) (0.05) (0.51) (0.51)
g 0.02% 0.10% 0.00% 0.14%
(0.13) (0.61) (0.03) (0.90)
9 -0.04% -0.07% -0.05% -0.02%
( -0.26) ( -0.38) (-0.27) (-0.14)
10 -0.23% -0.30% -0.28% -0.27%
(« o) ( -1.25) (-1.61) (—1.44) ( —1.49)
0.62% *** 0.61% *** 0.65% *** 0.46% ***
( 1~ 10 (3.97) (3.79) (4.00) (3.13)

: " p<0.1; ¥ p<0.05; *** p<0.01 2~5

t
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Fig. 4 Out of sample accumulated return of skilled portfolios under different o assumption based on the five-factors model
a =0
. 3 10%
3 (2018 3 —2018 5 ).6 6 \9 W12 24
(2018 3 —2018 8 ).9 (2018 1%
3 —2018 1) .12 (2018 3 — . a = ay
2019 2 ) 24 (2018 3 —2020 a=0 .
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a=0 =0
o = oy = Qy
8
Table 8 Accumulated return of skilled portfolios under different o assumption
3 6 9 12 24
a=0 -0.013 -0.157 -0.248 -0.122 0.037
a = ay -0.007 -0.146 -0.223 -0.108 0.079
0.006" 0.011*** 0.025*** 0.014*** 0.042***
t 4.150 6 7.688 1 5.4512 6.959 1 13.273 4
9
Table 9 Performance analysis of skilled portfolios under different o assumption
a=0 0.86% 0.30% 1.62 25.04%
a = ay 1.07% 0.28% 2.13 23.34%
3.6 20%
« »” « ”, 20% «
7 +20% -20%
« ” «
o = oy
a=0 27,
5 Kao 39 40 10
“ ”» [ ”» [43 1 ”» [ 2 ”»
2020 1 —6
Kao ¥ 12
0 “ 7 10
« ”
0 a = oy
“ 1 ” 40 o = 0
10
Table 10 Segment of different market style
) 2009. 2014. 2015. 2017. 2010. 2011, 2012, 2013,
2019 2016 2018
2010. 2012, 2013. 2015+
2 2009. 2014. 2019 2011. 2018
2016. 2017
11 Ay a = ay
a = ay
a=0
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Table 11 Performance analysis of skilled portfolios under different a assumption in different market style
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Table 12 Morning star funds recognition rate of Bootstrap method under @ = «); and @ = 0 assumption
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Selecting mutual funds using the Bootstrap method based on non-zero abnor—

mal return assumption
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Abstract: This paper proposes a Bootstrap method to select mutual funds by extending the zero alpha assump-
tion of Kosowski et al. (2006) . Using a sample of hybrid equity funds from 2009 to 2020 this paper finds
that the overall Chinese fund market shows negative abnormal returns. Thus the traditional zero alpha as—
sumption is not suitable for evaluating fund performance on the Chinese market. Further this paper uses a
non-zero alpha assumption and conducts the Bootstrap method to re-evaluate fund performance. The empirical
results show that compared with the traditional Bootstrap method under the non—zero alpha assumption Boot—
strap method picks out mutual funds that perform better. The above results are still robust in the out of sample
test after considering different market conditions comparing with the Morning Star top rating funds and taking
time-varying alpha into consideration. The results suggest that for institutional investors who can master the
Bootstrap technique the method proposed in this paper is helpful to construct Fund of Fund ( FOF) portfolios
that perform better. For retail investors who cannot conduct Bootstrap analysis focusing on the top 5% t-sta—
tistic ranking funds from the normal regression analysis can also achieve higher abnormal returns.

Key words: Bootstrap method; non-zero abnormal returns; mutual fund selection



