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The Predictability of Fractional Difference Feature using Support Vector Machines
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ABSTRACT

The objective of this study is to investigate the predictability of the fractional difference feature using
support vector machines. Our sample is the close price of the Stock Exchange Thailand Index(SET Index) from 1
January 2008 to 31 December 2019. We calculate daily return and fractional difference of SET Index and use them
as features. The model will use to predict the trend of SET Index for 1, 5, 20, 60 days. The results of unit root test
shows that daily return is stationary and fractional difference stationary at d = 0.60

The experimental results show that average accuracy from 5-fold Cross-Validation of daily return is
higher than fractional difference feature for 1-day trend prediction which gives average accuracy equal to 53.21%.

Fractional difference feature has higher accuracy in trend prediction for 5, 20, 60 days which gives an average
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accuracy equal to 53.14% 57.01% 60.92% in order. The results demonstrate that fractional difference can improve
the predictability of support vector machines for long-term prediction.

Keywords: Support Vector Machines, Machine Learning, Fractional Differencing
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M519N 2: HANINATOUANNIIVBITDYARIG Augmented Dickey Fuller Test

Lag ADF Test Test Critical Result (at 95%

Variables
Length Statistics Values confidence level)
SET Index 6.0 -1.7661 -3.41199 Non-Stationary
Daily Return 14.0 -12.8182 -1.94109 Stationary
Fractional Difference
17.0 -2.8919 -2.86255 Stationary
(d=0.60)
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ﬂ1§1\‘]ﬁ 3: Nami‘ﬂﬂaaummuwawauﬁaimmazmﬂumi‘ﬂmamm‘umﬁyﬁ’miﬂﬂh Augmented Dickey

Fuller Test
Result (at
ADF Test Test Critical 95%
Difference Order Lag Length
Statistics Value confidence
level)
0.000 6.0 -1.0744 -2.8625 Non-Stationary
0.025 6.0 -1.0954 -2.8625 Non-Stationary
0.050 6.0 -1.1212 -2.8625 Non-Stationary
0.075 6.0 -1.1965 -2.8625 Non-Stationary
0.100 6.0 -1.2505 -2.8626 Non-Stationary
0.575 22.0 -2.7261 -2.8625 Non-Stationary
0.600 22.0 -2.8918 -2.8625 Stationary
TUNGRFUGT om FINIAY .M. bom Wi 2645 alay VNaInenay umInenauTian
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0.625 22.0 -3.0219 -2.8625 Stationary
0.900 27.0 -4.9780 -2.8625 Stationary
0.925 27.0 -5.4366 -2.8625 Stationary
0.950 25.0 -6.5383 -2.8625 Stationary
0.975 13.0 -11.6569 -2.8625 Stationary
1.000 5.0 -23.0195 -2.8625 Stationary
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Lag 1-day Pred. 5-day Pred. 20-day Pred. 60-day Pred.
Length Return FD Return FD Return FD Return FD
0 51.21% | 48.06% | 50.79% | 49.30% | 52.17% | 54.64% | 51.35% | 54.66%
1 53.21% | 48.89% | 51.73% | 52.07% | 50.32% | 55.89% | 50.19% | 58.87%
2 50.69% | 48.58% | 51.04% | 53.14% | 49.94% | 56.10% | 49.84% | 59.68%
3 52.41% | 47.92% | 48.92% | 52.41% | 50.15% | 56.90% | 50.40% | 60.21%
4 52.14% | 50.27% | 50.38% | 51.76% | 51.19% | 57.01% | 50.75% | 60.92%
5 51.07% | 51.17% | 51.66% | 51.76% | 50.95% | 56.66% | 50.65% | 60.85%
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VUT1809A28 5-Fold Cross-Validation

n-day Average
Features Lag Length
Prediction Accuracy
1 1 53.21%
5 1 51.73%
Return

20 0 52.17%
60 0 51.35%
1 5 51.17%
Fractional 5 2 53.14%
Difference 20 4 57.01%
60 4 60.92%
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