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Abstract

A Design and Implementation of Stream Data Prediction

System Using Neural Network and Decision Tree

Yang, Ho-Won
Advisor : Prof. Bae, Sang-Hyun, Ph.D.
Department of Computer Science and Statistics,

Graduate School of Chosun University

At stock market, about stock price index prediction the research was attempted
to use many techniques from various field. Generally the stock price index
prediction is using the fundamental analysis which uses the immanence value of
technical analysis and stock market. But, stock market of fact about reduction
prediction or estimate of situation the description below 1is difficult with
complexity and uncertainty of stock price index. In this research, In order to
raise effectiveness of stock price prediction system uses the neural network and
a decision-making tree algorithm. because Information which are useful is latent
below-mentioned mining. In order accomplishes a real-time data mining
effectively from prepares the data which is appropriate probably has the
necessity to which what kind of data becomes mining. It processes a data with
the form which is suitable at mining and will use at mining the technique
which and selects the result which has become mining and the chain which

applies in prediction interprets process in necessity. Also data mining



relationship of the patterns which are useful is immanent in data or variables
between uses the analytical model which 1is elaborate and seeks and
accomplishes the role which reconfirms the experience knowledge of existing
with the work and does not recognize simultaneously until now, provides new
information and is a system which predicts. Consequently, this research uses
the neural network and a decision—-making tree and predicts the hereafter
(tomorrow) rise and a depreciation of KOSPI 200 quotients the dual
classification (binary classification) model which the prediction efficiency of each
classification models and it plans it compares. The different meaning goal uses
the prediction model which finally is constructed and to embody the prediction
system of the individual stocks from stocks spot market, the contents which is

concrete with afterwords is same.

1. Embodies the dual classification system which predicts the rise and a
depreciation of parting stock price index from stocks spot market.

2, Uses a decision tree algorithm about the data which has a time series
quality and reveals the prediction system which is efficient embodies the union
or a relation of data and between.

3. After constructing the neural network and a decision—-making tree model,
divides TEST1 and TEST?2 duration and simulation leads and the system which
raises the accuracy of prediction about future point of view embodies.

4. Standardization process and above removal leads and application embodies the

system which is possible from the actual money market.
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B. SVM(Support Vector Machine)

Support vector machine (SVM) 2 ¥ % (classification) 2} 3] ¥ (regression) ol

<82 & U= A= (supervised learning) ©f dFLo2AM 7]EAQ) E27FE 9
3 SVM2 & F7Fo] maximum-margin hyperplanes WETh Sk dlol g ¢ W

F AR HAge dgon EAAAA ol FEREE olgatel oAz
Ag5E FA® F o Frol we ARg HolHE oY BRI: Aoz

s SVM & &7 = Aol lolA

Jm

VC(Vapnik-Chervonenkis) o] 2o]g}ta1 % 3t}

o
rE

Akst 7)ol w7l Wil B2 ZokllA S&H v 7IEe] o dudgEe

%
|y

e o] g3tol

ok

%5 & (empirical erron)E& A3t 494 Ay F
3} ¥3% (Empirical Risk Minimization: EMR)& F+d3t= Aold vls] T+x2% ¢
g HA3 93& (Structural Risk Minimization: SRM) <& AA LGS &9 Foo

AZsHe 5 o] Hekel tid APH AdEES HAxsste AAEATFE AH

it

0

b= ZoltH26]. ol¥ SFHlolH = HEEF A oA BE HolHERY

e}

L)

4 o

2

oft

g8 7td Fx gorng fHAHoR gutE A B F FHojof §1H

n)

o

#HE (noise) == oA (outlier) £ 7|Ags HAA GgHo] Zolxd 9
itk SVM &gl o] g3sts olfre AA, Wt o222 LA 7utstr=
A o] gojstal, B4, AA &l JAA AFANAY FF =2 AHAE

War, A, AL sy Aavtes ALsHA 2EES SIS 5 7] otk

& A B3 (bioinformatics), wAFQ1A, 7102, A= 2 &4 A & thFI ok

oA AdeHor AE5a Jv27][28].
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(ﬂ = Margin)

[2¥ 2.6] SVM<& ©] &3 o]
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Support Vector Machine2 ©o]x¢1 dlolg EFEANA 713 HZH =3HA
(Hyperplane)2 T+35}o] o]& A ZAHoz AYsgict Ao 3w A8 &

27k 7hs e F oAl diel [2™ 2613 o] vidE Az st Jds TE

il
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Aeth shARE Al =AY A4 AdPHem FAHA 7] wEed A1 ds
=

a3 wnh fold e AT g TEA 923 Aad o &4 Judd [

o
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2718 A3 Aoz FAEA & input HoHE AL TFE ol gd) thado

= v
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T RFoe e ool
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1. SVMe 71&449

a7 slsiM "ed FERE Plr,y)e v

Yol webd, AHA @

9 A& (error rate)?]

= (empirical risk) 7, (a)e 8% ZFth(training set)ol A 2]
ARkE Sls AbgE T
1
]Pemp(d) 2/ /(I 7 (1) |

Hxzte] YAERM)S R, (a)o]

lim &2, () = &)
/>0

lliL)m min #,,,(4) = min A(@)



A Ao, =3 H AAWRHAE vHeEtd 7] f8lA VCA4 (Vapnikchernonenkis

dimension)< %= ¢ 3} % ¢[32].

b. VC A4

VC(Vapnik-Chernonenkis) o] &A= g5 IS AT & F(capacity) &= T

% F Je T Fdze dE ATS s Aol Aot ofE e B
A gaas g S $9E EF 18T HS Liel Wd BAWe

(bounds)E =Y3&uonw, 3

oo

Fo g FAAE SR AN VCAAL o) &

o

shol 7AW el VhE T3],

Hlog 24 A+ 1) = log (L/4)
RO R @)+ ; -

o714 hE %4 (non-negative)?l VCxF¥olal, [ 8t dlolE 9 & p= A=

n
(confidence) & HlstH 0 < n <19 ®AE Zr=v 919 AHolA LS 222

o) 7% 9 (risk bound) Lhehule, | MloeQAED=loe(D) © ve g9 ws

Gedih whokel dhgulelEe] Folxd ¢ fla] Amst BA UAAL a9,
VC A EE AAD R,,(a)7k 044 74A Holxtk srehs 758 Wtest set)

AA 9 @A (error) 1H3 Atk WA R(a)e Hzizer dsxe R, (a)

B Log g ggowa, $ue g8 FA AAT wEE A99 Ve
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c. 7Tx3 #2232 H43 AH(SRM)

71E9] s daglee gy JATES o]l835te H3¥ A QA (empirical error)E
agtete AEA 23 HAs AFHERM)E T s 50w k. 1Y
woolg @ St e g Jde AV)e Agteed B 9% A =
FHE F Adve dHeol"HY WAV Z Afeles AFskA ¥vh Vapnik#
Chervonenkisoll 98] AdZ g3 HA23te 429 ddS BadstHA HZHY
VCAAS Adsy] 98 5A dole e Ao e AT (quality) st 4 A

23 9 HFE(complexity) Abole] EFE H(trade-off) S Zrol+& Fx24 g

23 FH A3 Y& (Structural Risk Minimization @ SRM)o] AletE A}, SRM2

AA RS 89 Jeow AEs 3 5 o Juso i R, (o) AiaEo]
0% Az ¥+ HUIE A% 9Ho duvh 4 mFel @ FEH o

1 o B Eicomlidence!

(23 28] gJ==e] AAMSA

[ 28] gz dg FAMAE Hol 1 o, ojuf FAHS

s
oM,
ai)
Y
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a8 BER A9 SVMelA e [29 21019 (a)¢h 2ol Ao wxg 27 A lul
7b HAaTF He HAY ks AAsoF st=dl, SVMell A= g 1% = (Lagrange) &
T e Fote AR HAH3} BAE A, olu HAS A= 1A 99
(primal) o] &A1 3} 22k G A (duaDoll A o] Aoz Ya 5 vk 12 ol e 1
A s web bl weE FHAstEolof kv, o]E dlay= < (Lagrange

multipliers) o; & o834 md3H b 2}

L(w, b, @) = 42 (- w) — ZZ/la,-{[(xz-' w) — bly,— 1}, («,20,V )

ol
%2,
)

o] 49 g (saddle point)& 271 AAA hgah 2 2AHS T

0L awy, &y, 0% ‘
s -z

aL( W()» éO» 0'0)
ow

/
— 0. _
= Wy — ZZ]_/VZO'Z%Z'_ 0

Ll
ol
)

g9 ABRE ol EAA Be L 4L W

/ l /
W(d) = az'_ 9 Z,aza/ybv/ X I/')

A4 29Re AR/ AANE 4% Ak aF Tt o 2449

M (Quadratic Optimization)S &34 o] Fojxt}, o] AAHL A HTHo=z o
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b. RBF Ad%

%
A2) = sgou ; e (| x—x))— &)

AN K (r—z])& F 9E Aol ARl |z —xe]

wEe ¥4 mPe v gk

A, xv)=exp(— 5 )

%

dutx o7 RBF AYTSF+ AAME 9} 15 dolEHY

714 AAME = RBFS T4 3ol ®v. ofkol
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[Z29 2.12] RBF AYEE¢F+E o] &3 SVM
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C. d9AF A2A E4d (Decision Tree)
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C. 28 A7

Rge AA7] fHsto] HelHE EFEstetol dA R o] A (outlierE A
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ATk ZA 0 So7brlel S fe] Mo R Abd AdE ARE ol&ste] W
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AR, [1d 321 2% AAlo AH8d dHoly Azol,

Bj (P BEE) IV =T HOED 22HE) #W 22 - 8%
v DM &EB LEE o xI12iFE= R
2R KO200_open | KO2OO_hign | KOZ00_low | KOZ00 volume | KOZ00_cost target KOOSRl _open | KOSPI_hign | KOSPI_ow | KOSF| last | KOSP| wolume| KOSPl cost |
20020102 875 912 86,47 431377300 2 B2B033E 12 1 [ 125,06 30,36 124.95 BIBT21B00- 5 21360AE12 =
20020103 91,42 92,61 90,63 544235100 3 158231E12 1 126,76 13877 % 12166 152580700 4.030238E12 <
20020104 9381 94,7 9316 428089900 3,015423E 12 1 44,48 Ta00,83 73914 T2 B30662100  3.927673E12 «
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1 »

z=-mses)  |Blzd-;ises) | BEmmEol- AS. | NS4S Enterprise Min. .| B VIEWTABLE: Dat... ‘
= C#Documents and Setingswchosun

[ 32] =& Al ALgd tlolH

_49_



[% 32] A5 e &

Method 248 37t e
A 7 vk (3 partition) 40% 30% 30%
oA A A E g (3 Partition) 40% 30% 30%

_50_



23 ARE F F SueFe BA dge 0o 2ok (19 331 F 9

=

S

Bs| $

0

2y
Pty

Input Data Source
Sampling =
-2 Data Partition DATA &
|1 Explore FUTURE
| Distribution Explo
B Multiplat
&k Insight
=} Association
Variable Selection
odify
ata Set Attribute
Transtarm Yariab
b Filter Outliers
& Replacement
! Clustering
S0M/Kohonen DATA AL Filter

gﬁodel ‘ ARELYSIS Outliers Pe?r%{iaon
-l Regression
ik Tree
- Neural Netwaork
%= User Defined Mot
& Ensemble
i) Assess
B Assessment
b Score!

‘% Reporter
1 Uility

i roup Processin
ata Mining Data
45 Code | :
. B C+Bcore %ﬁ?ﬁlﬁ?é— [S.gpug\eﬂ Insfalt
* 22 Contral point
&% Subdiagram £
£ I | 2

-
Diagrams Tools [Reports | LJ | L’J

(29 33] 242 242

Insight

DATA AL PAST Enial

Insight
[Apply]

Asgessment

DATAA_PAST Seare |
[Apply]

Insight

o
m
ich
1
=
ich
HN
lo
H
i
H

_51_




oA 7Hg H

3

B

=
= K

ymwo

170l A 77471 A]

2~ -
T

(node)

)
_ZMO

j

=
T

o7k A717] wiito] H.

)|

—_
o

el
T
]

W
o
Nlo

CEEE

p/]

M

159
{7
o

et
==
A=
o

AstEssment

(29 34] 217

_52_



g (logistic) ¥t 9 =2 ¥4l E (hyperbolic tangent)$+S At
714 © 2 Misclassification Rate®}t Average ErrorE Al&3to] A 747 2y A%

= FAA7E sAv [ 33l AAW 2de AAE et

) o o o No. Hidden
Model Selection Criteria  Combination Fn. Activation Fn. Nod
ode
Misclassification Rate . Hyperbolic Tangent
Linear o 1 ~7
Average Error Logistic

_53_



Hesults — MNeural Network

Model | Tables Weights | Plot] Code | Log | Output | Motes |

From [ To [ ‘weight |
1 DoY_HIGHM H11 1.B6TE967235
2 Do _LAST H11 -0,085513339
3 DO _L O H11 0,6E901 76727
4 DOW_OPEM H11 =2, 182602776
5 DOW_NOLUME H11 00210554514
=] FOz00_COsT H11 -0, 051569375
I FOZ00_HIGM H11 1,B806764337
g FO200_Low H11 0,9730183347
9 FOZO0_OPEN H11 -2, 543112648
10 Fozi0_oLUME H11 0.0565114359
11 FEOSPI_LCOET H11 01267478802
12 FOSPI_HIGHM H11 —G.353140007
13 FOSPI_LAST H11 13. 97644571
14 FOSPI_LOW H11 -1.564011505
15 FOSFPI_OFPEN H11 -G, 226278263
16 EOSPI_VWOLUME H11 -0, 109744551
17 MAS _HIGHN H11 -0, 190739264
15 MAS _LAST H11 2,3421454055
19 PSS _L O H11 0, 4894004631
20 MaAS_OFPEM H11 -2, 70535624
21 MAS _WOLUME H11 —0,031402257
2 BlAS H11 0, 14581572534
23 H11 TARGETI 11,692439445
24 BlAS TARGETI =1, 443724751

KOSPI200# =2 A 74" e F4d Ad244 =5 B NASDAQ F7H7} 234=

7} =A YERE 3 KOSPI2009] 17, DOWAI ¢S] 117 €02 =4 vedo=
o R 7 2o oS wxE wMaeE KOSPI2009 117, DOWA 49 a7}
Ad Ao e
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Data | Variables Basic | Advanced | Score | Motes |

Splitting criterion

o3 Chi-zguare test
@& Entropy reduction
S Gini reduction

Finirnurm nurmber of observations in & leaf: 1
Observations required for 3 split search: ‘
Masimurm number of branches from a nov ¢

Maximurn depth of tree: i
Spliting rules saved in each node: G
surrogate rules saved ineach node: 1]

& Treat missing as an acceptable value
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[ 41] A4 ge] 49 2 I(KOSPI2004 )

w44 37 A%
AA AR AA A AA A
ser g set 4 st 4

sheb(el =) 136 52 | stER(dlE) 99 48 | skER(dlS) 100 33
Fe(el=) 55 158 | As(d=) 46 135 | As(d=) 48 118

Total (%) 73.2 Total (%) 71.1 Total (%) 72.8

o] &g o F A =®lE S F 1028719 TFAAlE THA AL JALAA EYE T
datlom AR A ZAAEDE 12 7| ¥H(Rule Base) 082 wHEoj A At
A Aodes 248 Ao 816%, H7HE A9 832%, d58 A 82.9%F= FH A

o By e+ At [E 420 oAAgE 48 Aol

g 3714 A5 &
A AA AA AA A DA
e A e A e A
stk (el &) 149 32 | (A S) 116 26 | sEH(dS) 118 21
A=) 42 178 | AE(dS) 29 157 | AE(dZ) 30 130
Total (%) 81.6 Total (%) 83.2 Total (%) 82.9
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