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The Optimization of Technical Analysis Indicators and Stock Trend
Prediction Using Machine Learning and Cloud Computing
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2 % ) F4 AN EAE 22 1% |Asks BEo] B8 A A S7heka Qe 53], 1 dlolee
2 BT AAYG dolHg EHST oS3l Fes NI4T B8 o] Wedolth B ATo4L 2

AFE AH|AE 8T =6 Hol" =3 € 38 AAE A4 A5 AE
olg] =A< Y3 Amazon Web Services(AWS)2] AHg|A Av|AS 835190, 7]€d BA X H(Relative
Strength Index(RSI), Simple Moving Average(SMA), 238 *] ¥i=, Rate Of Change(ROC), Golden Cross and
Dead Cross(GDC), Stochastic Oscillator(STOCH), Moving Average Convergence Divergence(MACD)
Detrended Price Oscillator(DPO))Y] YAXE 4 1 &L 59 &35} 5-9ct. o]F HAskH X #EES Echo
State Network(ESN), Recurrent Neural Network(RNN), 22|11 t}Fst 7| Alsks 5 mdo] s fo|g & ARS
sto] ZF 229 FAE &3t d&H FAE vigo g WHAES APt Ay, Bt £YES ESNo| 334%,
RNN©°J| 175%, :Lﬂ"’ 25 2do] 199%E 71&5tlth Wb & dqts = 4] FACAE 74Tl =2 A5
g Holn bkt &8 7FsAdS AU USE A4t skl

FHO 2 271 34| o5, AE AHCIE HEYS, AthE, Tled 24, s AF%

Abstract The application of machine learning models for trend prediction in the domestic stock market
is increasing. In particular, utilizing machine learning is essential for analyzing and predicting complex
time-series data, such as stock price data. This study proposes a machine learning system for financial
time-series trend prediction, utilizing cloud computing services. First, for data collection, the serverless
service of Amazon Web Services was employed, and the thresholds of technical analysis indicators were
optimized through a genetic algorithm. The optimized indicators were then used as training data for
Echo State Network, Recurrent Neural Network (RNN), and various machine learning classification
models to predict the trend of each stock. Based on the predicted trends, backtesting was conducted,
and the results showed that the average returns were 334% for ESN, 175% for RNN, and 199% for
classification models. Therefore, this study suggests that machine learning exhibits high predictive

power in domestic stock investment and holds various potential applications.

Key Words : Stock Trend Prediction, Echo State Networks, Machine Learning, Technical Analysis, Cloud
Computing
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1. ME

FEL 19 o]% A BEAP} 25| solval Qlth
2019 Ao vl 2022 A 71E0 8= F4 BEAR 7F
2 1) ol FTlellon 4] A e Sl
T4 Aol B3R 3-8 A BofollA thkst Al

7h o]FA AL Q=] I FoME JIFATE E&ohe
AlZ7t S5 Qe 21 ojEHlo|R9F ZH2 QIFA]
T A2EE QAT FEARY] AHE 2ttt o]A"
ABAE 71 36 AgelA & 3¢S mAAL 8L
o},

AF AtolA= FEldS BIRE ot 7ATS 2
a4 ]‘33}04 2] tﬂol‘ﬂ‘é EA5k= A= QL

6 ol9o T o] FAIE Oﬂz
Atk [7-11]. sHAIRE 71 AISkE
d dlolEQl &6 TlolE FA Oﬂ
go] o ’.‘a]xﬂ FAo| H8E7] of2Zo] 3 1‘4'.

ol#|gt ZAIE Hestr| flsl %4 AFDY(Reservoir
Computing) ¥ %] Echo State Network (ESN)°] &
5 Qo o9 AollA= S&P500 SolA ESN &
4] dlole 40 &85t A7t o A% (5,
12-151. 22, Wl 4] Hlo]&l& ESN o0& EA|gt
A= gloloh mhebA 2 AollA= ESN 9 71AIskS
= 7 71 ol H&slo] &8s AwE L)

S 7ASRS Bl A4 dS H5= =071 Hdh
712 B4 A HE(Technical Analysis Indicator, TAI)
AR 431 2]Z(Genetic Algorithms, GA)E o]&
tol 223} stk [16-18]. o2 A Sk TAIE 7]
5ty HE9] S5 HlolE|& o853t

£ AFE Aol W 524 A HlolEE S35t
I EA sletle S99 AFY AHIAQ] Amazon
Web Service (AWS)E ©-&5t3it}. Hlold 3 AH
YA AHIAE o]gsto] A53} stlom, 4] HolH
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2. A5 UY

2.1 HO|E] 2F LU AJAH X
E AL AWSO] AP A AH|A

= ol-&sto] Ho]
H 4 9 B4& 7519t Amazon Event Bridge
£ ol-&sto] g Aol FHAHAKRX)NA =
4] glo]ElE ol AWS LambdaE AYHESE +
A ok, 39 dHolEe AAE 2 BE4S f6
AWS S30ll A% === st9ict (Fig. 1).
dlolg AAg 94 AL 11485 AFY dxEHAT)
AF&7HF5%E Amazon SagemMakerAolA &It
E5] AFY JAAHAE HERE Asto] ol 10714

o) 27 SEHolE7} AAY HEs serh

FCrawing S FCrawing_U2
Amazon Simple Queus Service

LEEERY Ferauing 0

Amazon Simple Queue Service
(Amazon SQS) Amazon $3

“ful_code. ok 4% fll_code.pk HEI0IE

Tul_oodepd BR BE 2 Y
w2

“datal" & Of2 F7HEIOIE| 5
PETLEE

[Fig. 1] Auto Crawling Scheme

2.2 77} HloJElS] 7Y

B Ao S maw, AT $2 B AR
9 2% 1A, Aok, AY Hokol A7t Foe F1zow
19559] %71 Holelg Sgstel ol gatalry. 8o
04 ANze FABo0l A B 55, 395 3%,
319] B2 Shby Aol 7k HoRet $8) o
olE] o|§I=S FulBtTk. Y WA FEL T3]
Sfeto] 2319 F2L MesH Qe 7 R 4
AR 20239 SY7HA B2, AL Tk, AL A
A, 223 A7 o] Z13 B4 AR A
Y23 lojeiE A7l ol gataict.

& ko) A 59 Holez 549
ABE ol 83te] B4 0] B AHE W & &

A e AAse oAEA W) shuolt). 7143
B4 e 4] (ES 7HIeR AXtEw 7R
F4] do|E|] FA, Tl 2 T e, A, ¥
543 55 It dloll ARgEr). sHA 7e A 24



S2RC FEYD JE JIUS 0188 A V&K 2N X|E HHS U X7t M WS oS 15
ARE AR A dAAE ARG 3w fitness = 0.9 X profit + 0.1 X MDD

EE A9 $45 32 Akl g, g B0 F

7ho] i Al1del BE geAS BEsh] YA A s FE 2H0E A5} metiE7 o
Z719) 7] ol% W, W] olF WS Aldstolor g oV WEslel SR 1000 Al o= {epoch) A
o}, ShAEk A FEulche] HHe] 4], @] AN = AR 117, 18]

L% g2n ol APFoE A= WS ofHT

weha] & AFolAe HAS 7Y 5 skl /33
A& 28319 Relative Strength Index(RSI),
Simple Moving Average(SMA), 234 ¥i=, Rate Of
Change(ROC), Golden Cross and Dead Cross(GDC),
Stochastic Oscillator(STOCH), Moving Average
Convergence  Divergence(MACD), Detrended
Price Oscillator(DPO) & 874 7|&% 4 X HE9
FAAE A3} splet [14].

£ Avold 7 7led 4 AHEE ol8s) B =
A4 A2 (Buy, Sell, Hold)<& A/d5t3ick. olEA A
gt 8719 71ed B4 A 3o] gt viuf ASE 71A
S5 299 Hlolel& o835ttt

55 8
§hEo] i

5 ol
Hggosn 29 s

54

RIS A= o
g 27] GHA(FHY a7t 2 *RE) Fot A4, 2)
7] AAA Al digt A A4t 3) APE =2
AAZE A Crossover) ¥ ¥o](Mutation) FAROZ
A Al B, 4 B8E AEEY FFE A4 5) F
2 270E ST gq7iA 9 IS vHESh

£ AFolA= ol8E= 479 TAIS AAA] T
HES A3} 519t o€ 501, MACD= ©7] A4=0]
B3+ Exponential Moving Average, EMA)¥} #7]
EMAS] 2lo|& 7107 sfo] 415 vl T v &
A AAsH= 71&2 B4 A Fo|th. MACD Signal2 k
d 7t] Agr0] 5 H -2 YERHH, MACD Oscillator+
MACD®} MACD Signal®] ZolE UEhdith. whepA
MACD AFof|A HA37F Bagk AAA= @7], &7,
kel 3719] miepfEioltt. wiebA XH3kE mebiEE
ol wivl ASE okl

2A3L= flofl A= (fitness)= 271 A2 hH] 5
9 E(profit) ¥} FHFE(Maximum Drawdown, MDD)
o]g5to] that ol A9 st}

o

=

2.4 71AskES 0I8% 7t =M o=

71Asks 2 Shs Pl A darelEE 0l8s
of H3lH V&4 NuE P4 v AZE AY &
A(features) 02 0] 835191 e ERE F719 Al7f
Y AALY FAE 7R 3w A5 2 519t
7 F5Y AFLZEE 70%E T5 HolEHE o]%9
30%= EIAE HolE& ol&sioit)h. S5 X4 1Y
o] {7t 7182 FEY IAES St gholl ZAst
Ak old elE | & BlSE 771 fId v 2
o] ®eo] Fr} RS st

O:

Ol

(0.8 « 91 &)+(0.2 « A &)

5052 HAE HolES o] 83
slgo mo] £ajsle] A4tE glojtt YX gL
AE Yoldz AT A1de Iz
U/ 2YA) HEE AN golh. &
JEEELE 7] s B9 8 dej= A

1(Grid Search)E 33}t

>
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B

2.4.1 Recurrent Neural Networks

Recurrent Neural Networks® Sk B9 =& 7}
SAE QUolEsta old TAY &8s A EAY

PFoz ARgo7| Wof £xb2Ql glolEle} AlA|
olEE thF= o Hsith el S Hof|A
9] §W &= HIX] Ale]Z(batch size), olF(epoch)&
B2 O M2 Al

=
[e]

2.4.2 Echo State Networks (ESN)

ESN2 =3t 4379 3 F/=E, 948 & 57
(reservoir) &, 9 & AlA9] ASLo= o]Fo|A it}
ESN2 574 F9 fUET AAFeR AZd=o] o
H, JHollA 4 5, FH0A &Y FOoR9] AZ
Feed-forward& ©]5o1# Qlt}. ek5A| 754 fH|o]
Ex 54 FoA &9 So= d4dd AdolAut o]F

o5 ez AL wlel 27lsislo] wAEt wet

=
CX)
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A eest 419 S ol 8ol sigo] FhsstR
SR 4 9l el ek 13, 141
AFNAL 2 Z0] §Ul S 1000 0.2 74819

243 7|2 25 &Y
F7F A ol F7HH o= thga 22 ook
gt 712 EE ndS 285kt Random Forest,
Decision Tree, GBT, SVM, Naive BayesZ ©]-85}o]
5 A5 B7FE S
DT(Decision Tree)= HI°|EHE UF FEHIZ 71A]A]
715t} =& oAt 24 R oR wjdS molstal 9
=5h= garg]=oltt. RF(Random Forest)= th=9] 9]
A EdlE 9% 0o shgolal, 7+ Ef9] BEY
3 ZAglelo] d&dl= darglEoltt. GBT(Gradient
Boosting Tree)= 7|& E#9] d& A& FAo=
o8 pdle Ao g shESl] A5 S 7|=E &
J1g]Zo]t}. SVM(Support Vector Machine)2 Hlo]g
£ 1A B7ro 8 vijgste] A% AAE FYety,
A5 BERoke gag]Eo|th Naive Bayes & 7ot
WAL G340l HE pdEa Hjo]X o]2S 7Hlog
152 35k Edolrt
A Aot R 2 ZF BP9 slo|HutEhuE =
I AAE AMgste] SEEE FH5lelelr.
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3.
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+&1

& 19 M F7F $5& W= 23k ESN, RNN
I B 2de dvt £olE, Adi# +%E, Buy and
Hold ®417k] ¥lw, MDD & 4 714 45 AXEE fﬁ7}
Sl B2 ndlo 7F ndlg A7 5, 229
A 5ol v we Aesigt 1 2t ESN o] 7t
S 50182 v 40| gl mugle SIsigit,

3.1 Yt polE
Wik OAFLS HAE FIZ ) FBE B4 ATES
goR 74 ARG AEHS 1 mEHE U 7o)
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[Fig. 2] Profit ratios
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3.2 Buy & Hold $E19| H|W

Buy & Hold A2k 41 vlj4=sto] o] mljs=/mj=
£ otA €1 IR F4& BRSHL QUeprt upREt A
Hol A9 A7k 71&E0 g vjrdle] £8S At
Shz WhAlolrh £ AolAs 7 SEE HAE 7]7}94
AFY F2 4SS 7]1$£0F Buy & Hold €ut =915
LESto] Z|AIgks wdl Aot vwstlet (Fig. 5)-

HAE 7]7F 52t KOSPL, KOSDAQ A== <F 32%
Z7F3tt. Buy & Hold A=) =182 B 235.35%
ol 19 7| 4] 5 13 7} S04 o]2& =71 6 7l
FA oA £4o] BPARITE BESN 9] B FE
334.40%°01 19 7| & H5F o]o& 3 &Alo] W
AokA] kokrh. RNN «] B FYES 174.95%°1H
15 7l F&0A old& SHIL 4 7 FAo A= ofugt
A A& AQteHA] gtk B HHO] Bt £oE
2 199.20%°1™ 16 7l FFCIA 0] SR 3 7 5
Alof| A &Ao] A5

® Gain
Loss
No Operation

) .

Classification

No Operation
21.1% 43.8%

[Fig. 5] Gain & Loss Ratio
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HE =0 H4=9 Y= pdo] ti2ug 529 EA
1 el 288 HES PEoks At " Qsit)

*a‘c]: o:]xH El":_zl_. 1;-1 1:11-;(4/1] Z1 ou—;
o] A 744w e AAE 4 °1u+ 2o A, 4
A, AR, A2l ol 5 25 219 g Wl
A A 9 295 7o Wi wast k. @
A mde A 712 AVkEARrE Nrggion, ol
Aol Heg Bestel 4 4| A WY BAs

fJoto e the

o} 7 gabd 34 4 B4 Y $XE A% glo] W
3 2 4 et [19]. EFF 7 4] FRoj|= Tt B4

5 Aol EqlEE, $9UL AU mae e
slof BT}, 74 F2EL frbEz 2574 299 7
A8 )| 248te] TS AEE R HAS & 4 9k
Aeto R Aol SABE ST Aot
Wb olE SrstolA Uobt £42 Qg £449)
Held 15L @3] Sste] o3 717 5US MDDE
£&310] o] A4 YpoR BUS sRsshe
A2 AL 5 9k olF B 4o Hehsh iyt of
Ut 549 Aleld e B s 4 ok
2 Aot 714 B Axet $4 QuaE,
ESN € ZoHe thefet 7Sk mEe F8ste] 4
B2 2A1S ASHT ol 1 Sol8S W B
stk 53], T ool 9 ulAg A4 B
ssig 27 A8 714 ESNE ol gl ofel 4
5 W7 QXS ool Tt Etm dl S v ESNe]
1 e A5 GARON 9T £40] et ol
S FAAg B4E Sist 71741-% 2o ESNe]
B89 & 9L AARIT B3 FFol dopst md
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