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ABSTRACT

At this time, Data mining is the very useful technique of various applications
for knowledge discovery. Information in stock market is the one that has been analyzed
with this technique to find the appropriate model for effective investment.

In this project, the system development for stock price forecasting is introduced
by using data mining concept with neural network technique to generate model for
further stock price prediction in the stock market. Within this application, the historical
data of stock price was gathered in time-series and analyzed with simple recurrent neural
network model (or “elman” network). The result from this model will be used with
another factor for properly decision to get useful information for stock market

investment.
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dane3fin 4.2.1: Pre-Processing' v‘hmsms’maeummaumnﬁumﬂ’fauuaﬁﬁmﬂ‘ff’ﬁ%’muuu
$raealitduszuy Smsemdal
$ano37u 4.2.1.1: Data Cleaning ¥nmssamssudoyautsdauiivianiol)
Step 1: Read data (z_price) from file
Step 2: Calculate detail of z price: MinValue, MaxValue, AvgValue, No. of
TotalRecord, and No. of MissingValue
Step 3: If MissingValue <> 0 then do Step4
Step 4: Select method for pre-processing
Step 4.1: If iMethod=1 do Deleted all MissingValue
Step 4.2: If iMethod=2 do
Read window size (z) for Average value calculation
Calculate Average Value
Replace MissingValue with Average Value
Step 4.3: If iMethod=3 do
Read window size (z) for MA (Moving Average) calculation
Calculate MAValue by equation 2.1
Replace MissingValue with MAValue
Step 4.4: If iMethod=4 do
Read window size (z) for Regression model calculation
Calculate Regression model by equation 2.2-2.4

Replace MissingValue with value from regression equation
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é’ane‘%ﬁu 4.2.1.2: Data Transformation (Encode, Decode) mMms uﬂmﬁﬁ’faga‘lﬁ'
mngaufusanesiudldadauuuiiaes Encode) uag ilasidoyaninuuuiiasenduiiv
1939 (Decode)
Encode:
Step 1: Read z_price data
Step 2: for all New_z_price do
Calculate encoded data by equation 2.5
Decode:
Step 1: Read z_price data
Step 2: for all New_z price do

Calculate decoded data by equation 2.5

Sano3ny 4.2.2: Training msadruuuiiasslifuszuulasldiseadiadinuuuilon
AHUDY19918984 Elman (Simple Recurrent Neural Network: Elman Network)
Step 1: Identify no. of input, no. of hidden node, error (Err), and maximum cycle (Cycle)
Step 2: Initialize all weights in network
Step 3: While terminate condition is not satisfied (ErrAvg < Err or CycleCount > Cycle)
Do Step 3.1 to 3.8
Step 3.1: For each training sample S in samples do
// Propagate the input forward
Step 3.2: For each hidden layer units do
For first training sample S do
L= ZwijOi
For other training sample S do
L= Zwﬁoi + Zw(i-l)joj-l
0,= 1/(1+e")
Step 3.3: For each output layer units k do
I, =2.w,0,
o, =L
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//Backpropagate errors

Step 3.4: Calculate Error for each output layer unit k
Err, = 0,(1-0,)(T,-0,)

Step 3.5: Calculate Error for each hidden layer units j
Err, = 0(1-0) 2Erm,w,

//Update weight

Step 3.6: for each hidden layer weight (w,) do
Aw, = DEmQ,
w; = wyrAw,

Step 3.7: for each output layer weight (w; ) do
ijk = (DEmO;
W = ij'*'Aij

Step 3.8: Increase CycleCount and check for terminate condition

Sane3fiu 4.2.3: Testing nInaaounuusiassdildvinmsadlaslddaneifivves
{hseamia U Elman
Step 1: For each testing sample S in samples do
Step 2: For each hidden layer units do
L=2w,0;
0, = 1/(1+e")
Step 3: For each output layer units k do
I = ZWB(Oj
o, =1
Step 4: Calculate Error for each output layer unit k

Step 5: Calculate Average Error for all samples

Fane3iia 4.2.4: Caleulation ThmssmnasueyanuuuSaesidoninld
Step 1: Read network parameter from model file (InputUnit, MinValue, MaxValue, All
weights in network)

Step 2: For i:=1 to InputUnit
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Read Input data from user
Step 3: Calcualte Result

For each hidden layer units do
L= Z:wijOi
0,= 1/(1+")

For each output layer units k do
I, = 2,0,
O, =1,

Step 4: Report calculated value
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dausudoya:
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Select Input File
(*.txt, *.mdb)

Y

Read data (z_price)
from input file

No
Yes
Y
Calculate Min, Max, AvgValue
TotalCount,

MissingValueCount

Yes

Select Method for
pre-process
MissingValue

v

Calculate Min, Max, AvgValu
TotalCount (after
pre-processing)

&
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dauadauuusasa:

Calculate no. of record for training
and testing.
(80% for train, 20% for test)

Identify 'No. of input unit: ', 'No o
Hidden unit: k', 'No. of training

cycle: TotalCycle *, and *Error: Er’

Initialize all weights in
network

Y

Load training record into |

‘Input layer’

Y

Calculate input of each
Hidden unit

!

Calculate output of each
Hidden unit

v

Copy output of Hidden unit
into Context layer

v

lCalcuIate input of Output uniq

y

Calculate output of model

No l

Calculate error of Output unit

Calculate error of each
Hidden unit

Calculate weight increment
(delta welght)

v

|Update all weights in netwoﬂ

record was
oaded??

Y
Calculate MSE for latest cycle

!

| Increase No of Cycle ]

Start loading 1st
tralning record for
next cycle
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AIUNATDULUVINDN:

¢

Load Testing record intq
Input Layer

v

Calculate output

I

Calculate error of each
testing record

All testing record
was loaded??

Yes
4

Calculate MSE of all
testing records

1 Y o
'(T'Juﬂ'l'i(l‘lﬁﬂuuﬂﬂﬂ']ﬁﬂﬂt

Open
‘Model'

Select MODEL file
(*.mod)

Report 'MODEL name’, ‘No. o
Input unit’,'No. of Hidden
unit’, ‘weights’, and '%error
of the model
v

[ Input data to program |

!

Encode input data
by using linear
transformation

v

Calculate output

v

Decode output to
max-min scale

!

Report output




54

as o Jd o o
MANYIN V. AR MANNingR Idsinmsnaasuuuu$ias (CaleulateOutput) Aidd1e
INTOYAVDITUINITNTUNWIINA (MNIFU) wsuimoufuaideyassaveasamanning
(RealOutput) TaslFuaudeyalunisadrauuudians 981 doya S1uruduna =2 duna

v
sazsuInualusunars =7 Inua

OutputOrder | CalculateOutput | RealOutput
0 62.64 59.50
1 61.86 56.50
2 58.39 59.00
3 58.17 60.50
4 60.15 59.50
5 60.39 60.00
6 60.15 60.00
7 60.39 60.50
8 60.64 62.50
9 61.89 66.00
10 64.62 66.50
11 66.59 66.00
12 66.59 64.00
13 65.34 64.00
14 64.36 62.50

) 15 63.61 62.00
16 62.62 61.00
17 61.88 61.50
18 61.63 61.50
19 61.88 61.50
20 61.88 61.00
21 61.63 61.00
22 61.38 61.50
23 61.63 60.50




OutputOrder | CalculateOutput ; RealOutput
24 61.38 58.50
25 59.89 56.00
26 57.65 52.00
27 54.42 51.00
28 51.96 50.50
29 51.22 50.00
30 50.72 49.75
31 50.35 48.75
32 49.73 46.75
33 48.23 44.50
34 46.13 46.00
35 45.77 46.50
36 46.76 45.75
37 46.63 43.75
38 45.26 39.50
39 42.16 40.00
40 40.32 43.50
41 42.32 39.75
42 42.16 34.25
43 37.57 34.50
44 35.01 35.75
45 35.75 36.00
46 36.49 38.50
47 37.86 37.50
48 38.58 40.25
49 39.47 36.50
50 38.94 38.00
51 37.85 38.50
52 38.84 38.75
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OutputOrder | CalculateOutput | RealOutput
53 39.21 38.25
54 39.08 37.25
55 38.34 38.75
56 38.60 38.75
57 39.33 39.50
58 39.70 40.25
59 40.45 40.75
60 41.06 39.00
61 40.44 39.00
62 39.58 38.75
63 39.45 38.50
64 39.21 39.75
65 39.71 40.25
66 40.57 39.75
67 40.56 40.00
68 40.44 40.25
69 40.69 38.25
70 39.82 38.25
71 38.84 39.00
72 39.21 39.25
73 39.70 39.25
74 39.82 40.25
75 40.32 40.50
76 40.94 41.00
77 41.31 41.00
78 41.56 40.00
79 41.06 40.25
80 40.69 39.75
81 40.56 39.00
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OutputOrder | CalculateOutput | RealOutput
82 39.95 38.50
83 39.33 38.00
84 38.83 35.75
85 37.47 33.75
86 35.37 34.00
87 34.51 32.75
88 34.01 34.00
89 34.02 31.75
90 33.52 32.25
91 32.66 31.75
92 32.66 30.75
93 31.92 30.50
94 3131 30.00
95 30.93 30.00
96 30.69 30.00
97 30.69 30.25
98 30.81 32.25
99 31.93 32.50
100 33.03 34.00
101 33.90 35.00
102 35.13 34.00
103 35.13 33.75
104 34.51 34.00
105 34.51 32.50
106 33.89 32.75
107 33.28 31.25
108 32.66 32.00
109 3230 32.00
110 32.66 3175
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OutputOrder | CalculateOutput | RealOutput
111 32.54 31.75
112 3242 31.25
113 32.17 31.00
114 31.80 31.00
115 31.68 30.25
116 31.30 30.00
117 30.81 30.75
118 31.06 30.75
119 31.43 31.00
120 31.55 30.50
121 31.43 30.00
122 30.93 29.25
123 3032 29.50
124 30.08 29.25
125 30.07 30.00
126 30.32 31.00
127 31.19 32.00
128 32.17 31.50
129 3241 31.25
130 32.04 30.25
131 31.43 29.75
132 30.69 29.50
133 30.32 28.75
134 29.82 28.75
135 29.46 2775
136 28.96 27.00
137 28.10 26.00
138 27.24 25.25
139 26.38

25.00
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OutputOrder | CalculateOutput | RealOutput
140 25.89 2425
141 25.40 24.75
142 25.28 25.25
143 25.71 25.75
144 26.26 26.50
145 26.88 26.50
146 27.24 28.50
147 28.24 28.50
148 29.21 28.00
149 28.96 28.00
150 28.72 29.25
151 29.34 29.50
152 30.08 28.75
153 29.82 27.75
154 28.96 27.50
155 2835 27.50
156 28.23 26.25
157 27.61 26.00
158 26.87 26.00
159 26.75 25.50
160 26.50 26.00
161 26.51 25.75
162 26.63 25.50
163 26.38 27.00
164 27.00 26.75
165 27.61 26.50
166 27.37 25.75
167 26.87 24.75
168 26.01 24.00
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OutputOrder | CalculateOutput | RealOutput
169 25.15 23.50
170 24.54 23.50
171 24.3 23.75
172 2442 23.75
173 24.54 24.00
174 24.67 23.50
175 24.54 23.50
176 24.30 23.00
177 24.05 23.25
178 23.93 22.25
179 23.56 23.00
180 23.44 23.25
181 23.93 23.75
182 24.30 22.75
183 24.05 22.00
184 23.19 22.25
185 22.95 22.25
186 23.07 22.00
187 22.95 21.75
188 22.70 22.25
189 22.83 22.00
190 22.95 22.00
191 22.82 21.75
192 22.70 23.00
193 23.20 22.75
194 23.68 23.75
195 24.05 24.00
196 24.67 25.25
197 2541 26.75
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OQutputOrder | CalculateOutput | RealOutput
198 26.76 27.00
199 27.61 25.50
200 26.99 25.00
201 26.01 26.25
202 26.39 26.25
203 27.00 25.75
204 26.75 25.25
205 26.26 25.75
206 26.26 25.50
207 26.38 26.50
208 26.76 27.75
209 27.86 28.25
210 28.72 29.25
211 29.46 29.00
212 29.83 28.00
213 29.21 27.00
214 28.22 26.50
215 27.49 27.00
216 27.49 27.00
217 27.74 27.75
218 28.11 28.00
219 28.6 27.00
220 28.22 27.00
221 27.74 27.00
222 27.74 27.25
223 27.86 27.25
224 27.98 27.00
225 27.86 27.75
226 28.11 26.75
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OutputOrder | CalculateOutput | RealOutput
227 27.98 26.00
228 27.12 26.00
229 26.75 26.00
230 26.75 26.00
231 26.75 26.50
232 27 26.00
233 27, 25.75
234 26.63 25.75
235 26.51 26.00
236 26.63 25.75
237 26.63 26.00
238 26.63 25.75
239 26.63 25.75
240 26.51 24.75
241 26.01 25.00
242 25.65 25.00
243 25.77 25.25
244 25.89 25.50
245 26.14 25.50
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