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Meta-learning Algorithm Based on Trend Promote Price Tracing Online Portfolio Strategy
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Abstract With the rapid development of China’s economy and the continuous increase of income available for distribution, peo-
ple’s investment demand has become more intense,and how to efficiently and rationally carry out investment portfolio has be-
come a hot issue for investors. In response to the problem that online portfolio strategy predict stock price singly and is difficult
to determine its accurate investment proportion, we propose a meta-learning algorithm based on Trend Promote Price Tracing
(TPPT). Firstly, considering the influence of stock price anomalies,a three-state price prediction method which is based on the
equal-weight slope value of the historical window period,is proposed to track the price changes. Secondly,the Error Back Propa-
gation (BP) algorithm based on gradient projection is added to solve the investment ratio. Thus, TPPT strategy maximizes the
cumulative wealth by feeding back the increasing capacity of assets to the investment ratio. Finally, the empirical analysis of five
typical data shows that TPPT strategy has a great advantage in balancing risk and return,it is shown that TPPT strategy is a

robust and effective online portfolio strategy.
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Fig. 2 Cumulative wealth chart on DJIA data set
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Table 4 Annualized return rates of different strategies on data sets

DJTA NYSECO) NYSE(N) SP500 TSE

UBAH —0.1257 0.1292 0.1177 0.0605 0.1003
UCRP —0.0985 0.1618 0.1420 0.1052 0.0979

Uup —0.0992 0.1621 0.1420 0.1044 0.0977
ONS 0.2381 0.2378 0.1254 0.2729 0.1007
CORN —0.0842 2.9642 0.6611 0.4475 0.2893
EMA 0.0776 5.5858 1.1553 0.5718 2.7407
RMR 0.6334 5.0602 1.1250 0.5262 1.8294
TPPT 0.6654 1.3175 5.6923 0.6088 2.0809

(3) % X % (Sharpe Ratio, SR) : % 48 b7 )2 B 11 /2 48 %
A FR 32— B B KRS L 77 A 22 /0 1 5 P BV B o7
TR 5 4 v (1 1 < S5 A 5k JE UG Wi 25 SR AR E o %4 At (L
TR AT, ke SR A 4 il B R R SR R B
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Table 5 Sharpe ratios of different strategies on data sets
DJIA NYSE(O) NYSE(N) SP500 TSE
UBAH —0.6775 0.5828 0.4484 0.0816 0.4650
UCRP —0.5418 0.8816 0.5479 0.5082 0.7308
UP —0.5437 0.8843 0.5492 0.2856 0.4480
ONS 0.5886 1.0735 0.2093 0.9595 0.1856
CORN —0.4281 5.7833 1.9417 0.9605 0.5684
EMA 0.0718 9.3849 2.0323 0.9503 2.8459
RMR 1.1504 8.5426 1.9762 0.8981 1.9428
TPPT 1.1410 8.7333 2.2037 0.9951 2.1127

T T T T
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Fig. 3 Sharpe ratio trend chart on SP500 data set
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Table 6 Calmar ratios of different strategies on data sets
DJIA NYSE(O) NYSE(N) SP500 TSE

UBAH —0.3273 0.3024 0.2250 0.1277 0.3201
UCRP —0.2623 0.4309 0.2254 0.5005 0.6483

upP —0.2636 0.4345 0.2258 0.3253 0.2811
ONS 0.7287 0.8628 0.1399 1.0792 0.1989
CORN —0.3010 7.7030 1.0339 0.8777 0.6975
EMA 0.1314 14.1962 1. 2880 1.1383 4.6537
RMR 1.8060 11.4368 1.2710 1.1151 2.4344
TPPT 1.6229 10. 8311 1.5898 1.1490 2.6963

(5) BB 25 (Mean excess return, MER) . $§ # i 1
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Table 7 Statistical tests on data sets for different strategies
Category/ DJIA NYSE(O) NYSE(N) SP500 TSE
Data Sets MER p value MER p value MER p value MER p value MER p value
UCRP 0. 0003 0. 0005 0.0006 <0, 0001 0.0006 0.0283 0.0005 0.0438 0.0004 0.5015
upP —0.0003 0.0006 0.0006 <<0.0001 0.0006 0.0278 0.0005 0.0462 0.0004 0.5070
ONS 0.0011 <C0.0001 0.0009 <C0.0001 0.0008 0.1325 0.0011 0.0064 0.0006 0.3581
CORN —0.0002 0.3687 0.0058 <0. 0001 0.0023 <20. 0001 0.0018 0.0019 0.0014 0.1128
EMA 0.0008 0.1312 0.0080 <0.0001 0.0037 <0.0001 0.0024 0.0007 0.0069 0.0001
RMR 0.0025 0.0049 0.0076  <<0.0001 0.0037 <C0.0001 0.0022 0.0088 0.0057 0.0007
TPPT 0.0026 0.0034 0.0082 <<0.0001 0.0041 <20.0001 0.0025 0.0053 0.0062 0.0004

(6) 3« SRR TR B> 22 5y JU1 1) L 3 g Wi 4 %< v T S i i
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I F TR 8 — M L L, Bkl 54.44%,53.71%,56. 73% ,
52.59% K 54.81% ¥ B TPPT g 16 it —F 22 5 W 1k
F o R WS B R B AT,

# 8 TPPT KM AR L Gt 50

Table 8 Statistical test of TPPT strategy on data sets

Indicators DJIA NYSE(O) NYSE(N) SP500 TSE
Winning rate 0.5444 0.5371 0.5673 0.5259 0.5481
a 0.0032 0.0035 0.0075 0.0210 0.0056
B 1.3948 1.1201 1.3406 1. 3646 1.6359
t statistic 2.7222 8.0186 15.2996 2.5600 3.3617
p value 0.0034 0. 0000 0.0000 0.0053 0.0004
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Table 9 Nonparametric tests of cumulative wealth
Average .
DJIA NYSE(O) NYSE(N) SP500 TSE Different

UBAH 7 8 8 8 7 7.6 6.4
UCRP 6 7 6 5 4 5.6 4.4

up 8 6 5 7 8 6.8 5.6
ONS 3 5 7 6 6 5.4 4.2
CORN 5 4 4 4 5 4.4 3.2
EMA 4 2 2 2 1 2.2 1
RMR 2 3 3 3 3 2.8 1.6
TPPT 1 1 1 1 2 1.2 0

5.2 BELENIESHKERK

Xt LI IE B W K N=5.k=8,Xr = 24. 87; Fr =89, 35~
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Table 10 Non-parametric test of Sharpe ratio

- - . . Average .
DJIA NYSE(O) NYSE(N) SP500 TSE rank Different

UBAH 8 8 7 8 6 7.4 5.8
UCRP 6 7 6 6 1 5.8 1.2

UP 7 6 5 7 7 6.4 4.8
ONS 3 5 8 3 8 5.4 3.8
CORN 5 4 4 2 5 4 2.4
EMA 4 1 2 4 1 2.4 0.8
RMR 1 3 3 5 3 3 1.4
TPPT 2 2 1 1 2 1.6 0
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