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l
Introduction

* Returns and Volatility
» Trading decisions
- ARMA-GARCH widely used in literature

» Financial data is complex and non-
linear
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FTSEI00 daily price series

ry = 100 x (log(pt) — log(pe—1))

FTSEI100 daily return series (%)
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Simulatio
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Results: Return

Kurtosis = 7.9794
Skewness = -0.3904
o= 1335

Residual

_ | | | | | | | | | | | | | | | | | | | | | | | | | | | | | |
10 2002 2004 2006 2008 0 50 100 150 200
(c) Year Frequency ()
g
;%'; l’." W b ,\Q \
....... e L. i . . ‘. .
5 * " ’\ ’.d ' »
O ]
< .
.S ......................................................
3 i
N : : ' ' : : : : ' '
é 021 .. R | —o— Residual R N E R | - @- Residual?
S - f f : : f f i i : : A A
g _0.4 L1 1 1 | | I | | L1 1 1 | L1 1 1 | L1 1 1 | L1 1 1 | L1 1 1 | L1 1 1 | | I | | 1 1 1 | L1 1 1 | L1 1 1 |

0 5 10 15 20 25 30 0 5 10 15 20 25 30
Lag (n) Lag (n)

( Results: Returns 9/16




Results: Return
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Results: Volatili

Daily volatility
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Results: Volatilit
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- Higher Order Neural Networks allow for better
results compared to Linear models

- Most effective when used to model returns

* NNs provided highest Hit Rates

- Small models give better out-of-sample results

- A combination of HONNs and Volatility estimation
models least error and no volatility
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This work compared Higher Order Neural Networks R
(HONN) with Neural Networks, and linear regression for i1 =Bo+ ;ﬂ X Yioi + €
short term forecasting of stock market index daily returns. :

Yt+1 = Yt
Two new HONNs, the Correlation HONN (CHONN) and the
Horizontal HONN (HorizHONN) outperform all other G = Zn: Wo m,nh(i Wi % yoi+b1) + o
models tested in terms of the Akaike Information Criterion, =1 =1

out-of-sample root mean square error, of FISE100 and

NASDAQ giving out-of-sample Hit Rates of up to 60% with
AIC improvement up to 6.2%. New hybrid models for
volatility estimation are formed by combining CHONN with
E/GARCH are compared with conventional EGARCH,
providing up to 2.1% and 2.7% AIC improvement for FTSE100
and NASDAQ.
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