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Abstract

In the financial markets, volatility is indicative of the fluctuation in asset prices and the associated
level of risk. The volatility quantitative trading strategy is an approach that leverages volatility to
make trading decisions and generate specific returns. This paper aims to explore the application
of double fusion modeling that combines time series models and machine learning models within
the volatility quantitative trading strategy to augment its efficiency and stability. We employ 3
time series models: Generalized Autoregressive Conditional Heteroskedasticity (GARCH), Glosten
Jagannathan Runkle GARCH (GJR-GARCH), and Exponential GARCH (EGARCH); alongside 4 tradi-
tional machine learning models: Random Forest (RF), Adaboost (ADA), Gradient Boosting Decision
Tree (GBDT), and HistogramBased Gradient Boosting (Hist-GB). These models are amalgamated
into 12 double fusion models for prediction analysis. Meanwhile, we execute backtesting trading
experiments to assess the strategy’s performance. The strategy has demonstrated superior re-
turns in Hong Kong market, and offers a valuable trading reference for investors.
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Figure 1. Experimental framework
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Figure 2. Volatility prediction of stock 0005
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Table 1. Average regression results for time series models and machine learning models

1. BEFFURBRA 28 F R A E G R TR

RMSE MAE
0.915 + 0.066 0.189 +0.097 0.087 £0.035
0.899 + 0.068 0.209 +0.096 0.117 +£0.042
0.893 £ 0.069 0.219£0.108 0.107 £ 0.046
0.923 +0.067 0.179 +0.097 0.087 +0.036
GJR-GARCH 0.916 + 0.065 0.187 +0.096 0.086 +0.034
0.901 £ 0.068 0.206 £+ 0.096 0.116 £0.041
0.886 + 0.067 0.225+0.106 0.110 +0.049
0.924 £ 0.068 0.178 £0.098 0.086 +0.035
0.916 +0.065 0.187 £ 0.096 0.085 £ 0.035
0.898 £ 0.068 0.210 £ 0.097 0.117 £ 0.041
0.892 +0.066 0.216 +£0.100 0.105 = 0.040
0.924 +0.067 0.177 £ 0.099 0.084 +0.036
I RF
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Figure 3. Comparisons of RMSE
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Figure 4. Trading simulation result of stock 0005
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Table 2. Average investment results for each stock
2. BRRERFERNFIIRN

Jie 5% [ I A 2 S YNEE|

JCF42 1%(0005) [14131.55, 26674.50] [3.458, 6.165] [25.013, 28.075]
FHHEAZ 5 FIT(0388) [14090.24, 37377.89] [3.318, 8.366] [29.906, 38.814]
AL g S2)11(0006) [6223.03, 15676.78] [1.541, 3.773] [18.402, 24.028]
WA F1(0066) [2948.62, 14567.25] [0.709, 3.511] [14.090, 18.971]
KT L 42 [ (1038) [17723.82, 34242.73] [4.274,7.725] [13.123, 24.656]
J# 132 1% (0700) [64337.28, 79780.30] [13.526, 16.192] [17.477,19.202]
Ll P e 3 73 (1211) [18341.70, 50677.73] [4.127, 10.947] [22.989, 38.609]
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Table 3. Average investment results for time series models
7 3. BB FFFIHR B R L R F IR

i) 31 (=] A 2 Gl goe BTN EIE

GARCH [17971.66, 37028.33] [4.110, 8.041] [20.435, 27.548]
GJR-GARCH [20229.00, 37767.96] [4.660, 8.246] [19.465, 26.971]

EGARCH [18166.34, 38891.05] [4.163, 8.335] [20.777, 27.669]

Table 4. Average investment results for machine learning models
=4 NRFIEBUS BLERN TR

ML= [=] YA 2 SRR 7 % =Nk
RF [16388.35, 31247.66] [3.899, 7.033] [15.196, 24.227]
ADA [10561.16, 35903.20] [2.487, 7.636] [21.550, 31.257]
GBDT [21551.60, 47197.88] [4.868, 10.022] [20.501, 28.306]
Hist-GB [21408.19, 42481.08] [4.904, 9.226] [21.998, 27.452]
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Table 5. Average investment results for time series models and machine learning models
72 5. B EFFIIRBLANH 85 3 )R ENE B A RN R
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GARCH RF [7057.85, 38935.16] [1.953, 8.621] [10.141, 31.460]
ADA [-5353.19, 47817.09] [-0.772, 10.038] [15.911, 36.467]
GBDT [7355.13, 58283.19] [1.861, 12.459] [17.354, 32.158]
Hist-GB [8507.41, 57397.32] [2.190, 12.255] [18.381, 30.061]
GJR-GARCH RF [7880.61, 42081.99] [2.059, 9.328] [11.069, 26.299]
ADA [-634.72, 54076.05] [0.328, 11.324] [14.813, 37.630]
GBDT [9345.29, 56937.05] [2.444, 12.128] [12.556, 32.904]
Hist-GB [13300.03, 49001.53] [3.341, 10.674] [19.315, 31.160]
EGARCH RF [8952.33, 38000.09] [2.359, 8.477] [9.322, 29.977]
ADA [-5382.14, 48870.00] [-0.830, 10.281] [17.414, 36.187]
GBDT [4972.81, 69354.98] [1.600, 14.178] [18.898, 32.552]
Hist-GB [7038.36, 56423.13] [1.921, 12.008] [19.004, 30.431]
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