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Abstract

The Research mainly trying to solve the problem of
Heteroscedasticity which appears in the financial series in particular
by Using The method of Artificial Neural Networks and GARCH(

Generalized Autoregressive Conditional Heteroskedasticity) Models.

The Research uses a Daily data series of the Egyptian stock exchange
main index (EGX30) From 1/6/2014 to 29/3/2017

The Research Succeeded in Solving the problem of Heteroscedasticity

With the previous methods and compared it's Results

the Research proofes that the Neural Networks was the best method
for analyzing and forecasting and solving the problem of
Heteroscedasticity andthe Combination of Neural Networks with
GARCH models was a successful way to improving the results and

enhancing the forecasts.
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MSE 0.0144

RMSE 0.12
MAE 0.0621
MAPE 0.0032
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Hidden- Neurons)
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(M) 0 B2 (V7)) ) Al B 48a) ABdally dpand) DAY 330 iy AS0d0) Gy 0
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MSE 0.0149
RMSE 0.122

MAE 0.0723
MAPE 0.0017
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MSE 0.929 0.0144 0.0149
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MAE 0.828 0.0621 0.0723
MAPE 6.428 0.0032 0.0017
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(GARCHF — NN) 0.0015 0.060
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s "EM\
EGXR dadaall ia 3l iaial \ (gala
30 P 1
kW tﬂ 'W ,WU‘N m
EGXR ) o shall jl1gh G i)
Exogenous Test Critical t-statistic Prob
Value (5%)
Intercept -2.865488 -20.39022 0.0000
Intercept, Trend -3.416306 -20.43230 0.0000
None -1.616392 -20.37163 0.0000

TGARCH(1,2 ) Ji¥l gigaill by guiil) o (Yo -0) Jan

Number Date Actuale Value Forecasting
1 1/3/2017 11.999 11.942
2 2/3/2017 12.31 11.946
3 5/3/2017 12.5 11.950
4 6/3/2017 12.623 11.954
5 7/3/2017 12.678 11.958
6 8/3/2017 12.735 11.962
7 9/3/2017 12.853 11.966
8 12/3/2017 12.92 11.970
9 13/3/2017 12.929 11.974
10 14/3/2017 12.79 11.979
11 15/3/2017 12.745 11.983
12 16/3/2017 12.984 11.987
13 19/3/2017 13.92 11.991
14 20/3/2017 13.23 11.995
15 21/3/2017 12.905 11.999
16 22/3/2017 12.879 12.003
17 23/3/2017 13.032 12.007
18 26/3/2017 13.108 12.011




19 2713/2017 12.97 12.016
20 28/3/2017 12.983 12.020
21 29/3/2017 12.988 12.024
AT 0
NN Aaaal) Al 448 631 gl
¥ @ Targets: EGX -] E
Time step: O i} cell column ©) M Matrix column @) Bl Matrix row
Targets 'EGX' is a 696x1 matrix, representing dynamic data: 696 timesteps of
1 element.
MSE 1.51483e-2
R 9.97614e-1
¥= Alda,y NN dgal dags
# @ Targets: EGX wl {oe
Time step: W Cen column ' M Matrix column © [¥] Matrix row

Targets 'EGX" is a 696x1 matrix, representing dynamic data: 696 timesteps of
1 element

| % Test Network '

& MSE 1.44796e-2
@R 997721e-1



B @ Targets:

Time step:

1 Y=UDA aamg NN ASadal) Ao

EGX

o=

O ijcell column ©) ] Matrix column @) Bl Matrix row

Targets 'EGX’ is a 696x1 matrix, representing dynamic data: 696 timesteps of

1 element.

=l MSE
EiN]

W Inputs:
@ Targets:

Time step:

“2 Test Network
1.49742e-2
9.97643e-1
(GARCH F - NN) 4amandl Al i
Garchk X | ‘
target S | ‘
L) cell column ] Matrix column @ [#] Matrix row

Inputs 'GarchF' 15 a 21x1 matrix, representing dynamic data: 21 timesteps of 1

aelement,

Targets target' is a 21x1 matrix, representing dynamic data; 21 timesteps of

1 element.

I “¥ Test Network

5 MSE 1.59677e-3
£ R 9.71241e-1
Lpand) CISAY aladialy EDEN (5 hll Bl ) 28
Number Date Actuale | Forecasting Forecasting Forecasting
Value | First Second GARCH F - NN
method-NN method-NN

1 1/3/2017 11.999 | -- — -

2 2/3/2017 1231 | --- — -

3 5/3/2017 12.5 — 12.468 12.507
4 6/3/2017 12.623 | 12.505 12.557 12.567
5 7/3/2017 12.678 | 12.63 12.653 12.7
6 8/3/2017 12.735 | 12.677 12.690 12.752
7 9/3/2017 12.853 | 12.754 12.750 12.8
8 12/3/2017 12.92 12.884 12.882 12.899
9 13/3/2017 12.929 | 12.896 12.932 12.882
10 14/3/2017 12.79 12.891 12.927 12.856
11 15/3/2017 12.745 | 12.74 12.763 12.772
12 16/3/2017 12.984 | 12.788 12.737 12.893
13 19/3/2017 13.92 13.08 13.033 13.083
14 20/3/2017 13.23 13.026 13.091 12.995
15 21/3/2017 12.905 | 12.913 12.993 12.88
16 22/3/2017 12.879 | 12.861 12.878 12.909
17 23/3/2017 13.032 | 12.892 12.873 13.108
18 26/3/2017 13.108 | 13.07 13.052 13.063
19 27/3/2017 12.97 13.045 13.097 12.984
20 28/3/2017 12.983 | 12.851 12.933 12.927
21 29/3/2017 12.988 | 12.989 12.977 13.011




trainlmis a network training function that updates weight and bias values according to Levenberg-Marquardt
optimization.

trainlm iz often the fastest backpropagation algonthm in the toclbox, and is highly recommended as a first-choice
supervised algorithm, although it does require more memory than other algorithms.

net.trainfFcn = 'trainlm’ sets the network trainFeon property.
[net,tr] = train(net,...) trains the network with trainlm.

Training occurs accerding to trainlm training parameters, shown here with their default values:

net.trainParam.epochs 1888 Maximum number of epochs to train
net.trainParam.goal ] Performance goal
net.trainParam.max_fail ] Maximum validation failures
net.trainParam.min_grad 1e-7 Minimum performance gradient
net.trainParam.mu 8.681 Initial mu

net.trainParam.mu_dec 8.1 mu decrease factor
net.trainParam.mu_inc 1@ mu increase factor
net.trainParam.mu_max 1lel@ Maximum mu
net.trainParam.show 25 Epochs between displays (Nan for no displays)
net.trainParam. showCommandLine false Generate command-line output
net.trainParam. showWindow true Show training GUI

net.trainParam.time inf Maximum time to train in seconds



