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Abstract

SET’investment is very risk because index have fluctuate every day .Analysis use
experience and investment *technique. Analysis use fundamental and technical data . That data is
impqrtant for analysis so develop system for analysis and forecast in SET’investmeI;t.,_by use Back
propagation. And use fundamental and technical for input data in neural network for decision support

data for investment and incline mnvestment’ risk
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# Neural clustering

Link Analysis
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#  Sequential pattern
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Deviation Detection
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# Statistics
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Layex : 1 Weight 0.499
Layer : 1 Weight ~0.18
Layer : 1 Weight 0.021
Laysy : 1 Weighr -0.242
Layer : 1 Weight -0.297
Layer : 1 Weight -0.329
| Layer : 1 Weight 0.0015
Layer : 1 Weight 0.2405
| Layer : 1 Weight 0.468
. Layer : 1 Weight 0.1485
| layer : 1 Weight =0.131
5 Layer : 1 Weight -0.1835
| layer : 1 Weight 0.20S
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Count :
Count :
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Output
Outpuc
Output
Output
Output
Outpuc
Dutput
Outpuc
Outpuc
Outpur
Output
Outpuc
Output
Output
Outpuc
Output
Output
Outpuc
Qutpuc
Output
Outpuc
Outpuc
Output
Dutput
Qutpuc
Outpur
Jutpur
Outpuc
Outpuc
Dutput
Output
Qucpuc
Output
Qutpuc
Outpuc
Output

M) T,

0.599974735613101
0.999984676028845
0.999930705414411
0.9999943€62502085
0.999996580667429
0.999997926063624
G.599992742091671
0.595999237039174
0.999999537240551

0.99999971932209 OutputTraining :

Output Training
DutputTraining
QutputTraining
OutpucTraining
Output Training
DutputTraining
OucputTraining
OutputTraining

DutputTraining :

0.9999998297502 OutputTraining :

0.999999896744326
0.999999937372262
0.999999962014355
0.995999976960841
0.599939986025861
0.999999991524256
0.599995994859202
0.999999996881948
0.999999598108806
0.999999598852933
0.999999999304269
0.3999999999578018
0.999999999744055
0.999995999844761
0.9999959993905843
0.999999599942891
0.999999999968361
0.553959999978991
0.899999999387257
0.999399599592271
0.999999999995312
0.5959399999997157
0.599999999998278
0.8999999999983554
0.5999999999999366

DutputTraining
Output Training
Jutput Training
Jutpuc Training
ODutput Training
OutpucTraining
DutpucTraining
QutputTraining
OutputTraining
SutputTraining
Dutput Training
Output Training
OutpucTraining
DutputTraining
Outpur Training
oucpurTsaining
DutpucIraining
OutputTraining
OucpucTraining
QucputTraining
OutpucTraining
OutpucTraining
OutpucTraining
OatpntTraining
OutpucTraining
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Rate :
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Learning Rate : 0.5
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Learning
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Learning
Learning
Learning Rate
Learning Rate
Learning Rate
Learning Rate
Learning Rate
Learning Rate
Learning Rate
Learning Rate
Learning Rate
Learninyg Rate
Learning Rate
Learning Rate
Learning Rate
Learning Race
Learning Rate
Learning Rate
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5.1 aydwamsfing
TﬂNmsﬁmu1szumm1’f‘"lﬁ'ﬁuauamﬂﬁﬂ‘vae Predictive Modeling Tugduii 141y
MISWYINT0IF (Value Prediction ) mﬂszﬂﬂm‘ff'ﬁwﬁnmiuamﬁ‘umiﬂswwﬂsvammau
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Tﬂ5\1‘lhﬂl"izmmﬁUJJLL‘U‘ULLUﬂW‘JE)W’ILﬂ‘]?’u (Backpropagation Neural Network ) 3
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