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Deep Prediction of Stock Prices with K-Means Clustered Data
Augmentation
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ABSTRACT

Stock price prediction research in the financial sector aims to ensure frading stability and achieve profit redlization. Conventional
statistical prediction fechniques are not reliable for actual frading decisions due to low prediction accuracy compared to randomly
predicted results. Artificial inteligence models improve accuracy by learning data characteristics and fluctuation patterns to make
predictions. However, predicting stock prices using long-ferm fime series data remains a challenging problem. This paper proposes a
stable and relicble stock price prediction method using K-means clustering-based data augmentation and normalization techniques and
LSTM models specidlized in time series learning. This enables obtaining more accurate and reliable prediction results and pursuing high
profits, as well as confributing to market stability.
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RNN(Recurrent Neural Networks)> H2d 2] 3+ £F/olt}.
RNNZ W §-9] 3 22 & 53 d8S B wwlr} o

Aol g2 71908 & glol, #342 YEg 59 ol
Aga maol.

(gl 1) RNN #+=%
(Figure 1) Architecture of RNN
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7} 245 913l Finance Data Reader API[16]S AM&-
s} KOSPI 200 4] 167 552 1998'd 12€ 5§ 2023
397ix1e] 4 HolHE SRStk %3, Yahoo
Finance API[17]5 %3} KOSPI 200112 167 £5<]
20201 3€HE 20239 3971A 9] AI7HE HolHE 73
stk s deolHe g, AlZ7L, ozl AAT,
7t AN, T ARE A lom, AlZHE o]
HALS 92 o7ll¢] do]HE 145 o] Utk

(ZF 1) At Hjo[Al
(Table 1) Daily dataset
Date Open | High | Low | Close [Volume|Change
1998-1222 | 976 | 9% | 9%7 | 975 [832580| O
1998-12-23 | 975 1009 957 981 | 879790
1998-12-24 | 976 990 961 967 | 346480
19981228 | 957 | 965 | 932 | 942 |428840

oo

2023-03-20 | 62100 | 62300 | 61100 | 61800 | 964632 | 1

(Z 2) AlzH ciolEfM

of ATAHE F7h BeL dF3] Slal AHgHE
F7h 400 o] REFAL G FEVOE EA o]
F7h MBS 54 AU setsia 29W /1E A7
So) @S FHY & AES AE PUES =AY
o A K-Means SIEFE AHE5Ho] 7} WE o]
R FRES FU2EY S WHS AHEHA o
g B8l £5E 19 ARIAE ek, § S5 o
5 A WolZ 5 O Bk 1 ¥ 2Y% B B2
S| HolElAg Aol HojEle] FS B Hrt 4
S5 24 A%E 92 5 TS ST o) P A
AW dolE FHO2 A3 Y A E BAS
S8Y 5 gom, doled HPYE BT 5 ek

(£ 3) 7} ¢ Tiedof| 7|8kt AT A0t
(Table 3) The clustering results based on pattern
of stock price fluctuations

oqel NA%, KBRS,
4% 4 =34 Shped, [Bred
Al
’ I HHZA, FRFEAF,
sTH ool %4, NHZ?
AR, A7, | AdEA, sKakely 2,
—— 23 77), AH4SD6
A
° AN, §E, | A9ds, 2900,
A% o% WeHES

AR HoHE AHE ¥ HE BE Feature 5
el groz u@stel gel 2719 e o
At} 2L 7} Hlolgel A9, 104 A

Ae] 77} Aolole QU OE 2 714 Aol7} gk
webd, A3 7178 ROE Hitet B dele: WE

AT E AN L, & A BYL 7 HE]
(Table 2) Hourly dataset CEeme e Wb“_’ & g 1_ e
EAE gotslx] B3tk o2 FE 3] Y3 A 2d
Date Time | Open | High | Low | Close |Volume|Change o 9y A @29 Window-size B2 AF3E S35t
2020-03-15 _ _
090000 | 7160 | 9200 | 9120 | 910 | 0 | O Sl 248E 712 FU1 WE 54S Fristath
2000815 | 9190 | 9190 | 9150 | 9150 [ 134576 | O o] W4l LSTM Zde] AAE volE 54 & 4%
00C < PP, Bl H2E A3} A 7173l o At
200885 | 9150 | 9170 | 9150 | 9160 | 64637 | 0 = e o ©
SO0 stE Tt Window-size ¥ 473+ Al 0.1% ~ 08% 4% T
oo’ | 9160 | 9170 | 9150 | 9170 | 80907 | O o g= QRES Had
200315 | 6160 | 9170 | 9140 | 9160 | 102564 | 0
BT 3.2 g2y By
14:00:00 9160 | 9170 | 9140 | 9160 | 113220 0
LSTM(Long Short-Term Memory)< Input gate, Cell
2%8;%85 14210 | 14270 | 14160 | 14170 | 10982 | 1 state, Hidden state, Forget gate, Output gate®] TFX 714 &
22 FAF glon, 7t 2t ggd 22 9ES &
s QIEUl HEEE| (247H23) 69
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Date Close Price Normalized
1999.1. 15 1692 0.652542
1999.1. 18 1745 0.877119
1999.1. 19 1719 0.766349]
1999. 1. Date Close Price 0.94451 Normalized
1999. 1. 2023.2. 18 650200 10783890 018868
}ggg }: 4 2023.2.19 50100 85;22? 0.000000
1959 T 2023.2. 20 60500 55786 0.075472
1999, 1. 2023.2. 21 60600 [7ea644]  0.094340
1999, 1. 2| 2023.2.22 62300 |1.00000 0.415094
1999.1.2 2023.2.25 62000 |0.91101| 0.358491
1999.2.1 2023.2.26 62100 |0.95339] 0.377358
1999.2. I 3023.2. 27 62200 |0-85169[" 0396226
1999. 2. {5023, 2. 28 63100 |2:61864 5566038
}ggg: g: 2023.3. 1 63700 8:22962 0.679245
19555, 2023.3. 4 63000 0.547170
1999 3. 2023.3.5 62800 [l 43| 0.509434
1999. 2. 1 2023.3.6 63400 [0.27966 0.622642
1999.2. 1| 2023.3.7 62300 [0.44431] 0.415094
1999.2. 1 2023.3.8 53800 |0.54661] 0.698113
1999.2. 1 2023.3. 11 64700 |0.61016] 0.867925
}333- g-' 2023.3.12 65400 8?;8;3 1.000000
959 55 2023.3.13 65300 |3'50000l___0:-981132
9993 2023.3.14 65400 5773751 1-000000
1999, 7. 2023.3.15 65000 [916525 0.924528
1999, 2. 21 2023.3.18 64700 048728 0.867925
1999.3.1 2023.3.19 64800 [0.50423] 0.886792
1999.3.1 2023.3.20 65300 [041101] 0.981132
2023.3. 21 64600 0.849057
2023.3.22 65400 1.000000
2023.3.25 64800 0.886792
2023.3.26 63400 0.622642
2023.3.27 63300 0.603774
2023.3.28 63300 0.603774
2023.3.29 65000 0.924528

(22! 2) LSTM Window-size ¥ X3}
(Figure 2) Normalization of LSTM based on
window-size

h’t
-~
Cet /_ Feva) PRt \ » Ct
i 0
ft t E‘_ t 0
ht—l > h’t

Xt
o : Sigmoid function, tanh : Hyperbolictangent function,
i : Input gate, f : Forget gate, o : Output gate, c : Cell state,
¢': New cellstate, h : Hidden state, X : Hadamard product
(38 3) LSTM #=&
(Figure 3) Architecture of LSTM

gsteh. 19 3914 Forget gaters 719& AHAISIA} 24t
A8 22} 3= FEZE Sigmoid functiond A8 0~1 A}
ol¢] o g Mudith LSIMS Uk 5402 745
of o], EERE ofH JEE AFLA] AA g} Input
gatet Sigmoid functions AHE-3te] AHZ & 98& Tl
A s AEZ 0-1 Alole] gho g Adaly, LSTMe] o
A EAo 1AE B, SHEE ofH JHE FEY
A AA3h Cell states 719-S 3k, Hadamard
AAE 530 Entity9} Relation 7F 43485 #oli, o
M ARE EAEE AAE 4= 9tk Output gate= Cell
stated| Al oJ® EA S FYTA] AAsH, npRrAR
Sigmoid activation functiong AME-3ted 0~1 Alele] Zh&
A 23it) Hidden state™ Cell statedl] tanh activations 2]
4313 Output gate} W45t &gt o|& B3l &9
e HMAE -1 ~ 1R FEAI 02§ LSTMS] 57
A F25 53, 7159 RNNoA 2ARG 7187 &
(Gradient vanishing) FAI[18]¢} &7]121&A4  (Long-term
dependency) A& AT = AUtk

I8 4= vl MAE 443 SR 128 4
gt} dlo] Bl K-means¥ LB HS B3l F71 ¥F
e 7NFoR FEEE FHskETh HHsE T5E

!

oX,

i oH

{ Fully Connected layer }
[ Fully Cchected layer ]
{ Fully CcheCIEd layer }
)
)

‘ Concatenating Dataset ‘

t

‘ Clustering Dataset by K-Means ‘

(3% 4) mietst= del&e 7=
(Figure 4) Structure of the proposed algorithm
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S Ao gl AS 018 A FEIY =T 5o
2 213 73 FH(Overfitting) A S WA 3t} Atz oz
FAAYAA Fde Loss7t Q&A= 108 Z7)el=
AF Bq5S TR, BdS FE3] 5417171 6
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70%
65%
60%
55%
50%
45%
40%

o>

PYERE AR

2

(22 6) 28 HOEMOR S 5 Lt ARk ko]

= 5T 8D
6) Comparison of stock price prediction
accuracy between daily and hourly
datasets after training on clustered

datasets

(Figure

4 167) E50 Ud LA, A7 Pl

(£ 4) HE Z0E

(Table 4) Accuracy results table

ap NeF= 8 2HY
65% i | AIZHE | 9 | A7hE
60% A F 473% | 488% | 546% | 68.0%
5% 99 KBE 467% | 468% | 564% | 652%
322 515% | 488% | 547% | 60.6%

50% IBK2-3) 566% | 473% | 528% | 517%
45% ’—I " AAZEA | 488% | 591% | 541% | 527%
S 10 = 0 0, 0, 0

0% F e o T om o e
MR MBXFE M4EA ZRAC 54 | 513 | 8% | 544% | 58%
NHEAZE | 585% | 483% | 556% | 594%

DY mAE AARA | 527% | 605% | 6% | 654%

(72 5) HHHE=oR s & ounl ARl F7 ol Hats b [Catolz [Twan [ s | s | s7aw
H|Z S FAAT] | 502% | 478% | 505% | 60.1%
(Figure 5) Comparison of stock price prediction %:éSDS 50'1:“ 40'4:" 46'2:/° 51'0:/°
accuracy between daily and hourly *}?’\l% AUAE | 6% | S03% | 8% | 635%

. o SE, o] 519% | 552% | 599% | 589%

datasets after training on individual FES q 6% 1 500% 1 522% | 579%

stocks =& JUIES | 509% | 564% | 503% | 448%
gk QlEYl MEEHS| (24723) 71
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