SHRAHBEY RS =27
Journal of The Korea Society of Computer and Information
J KS I Vol. 30 No. 1, pp. 41-51, January 2025
C https://doi.org/10.9708/jksci.2025.30.01.041

Optimizing Stock Price Prediction via Macro context and
Filter-DQN Framework

Jean-Ho Kim* Eun-Hong Park*, Ha-Young Kim#*

*Student, Graduate School of Information, Yonsei University, Seoul, Korea
*+Associate Professor, Graduate School of Information, Yonsei University, Seoul, Korea

[Abstract]

The Korea Composite Stock Price Index exhibits high sensitivity to global market conditions, as net exports
form a conerstone of the economic structure in Korea. However, most existing studies on stock price prediction
limited in two key aspects: First, they primarily focus on indicators within the domestic market, thereby omitted
the influence of global market dynamics. Second, they lack of thorough consideration of feature selection
methods, which hinders performance and efficiency of deep prediction models in data-hungry financial time
series. In this paper, we propose extended stock data that integrates stock market indicators from major export
destinations along with macroeconomic variables and Filter-DQN, a novel feature selection method that
incorporates mutual information theory and reinforcement learning approach. The proposed method enhance
both prediction performance and computational efficiency by effectively filtering out redundant variables.
Experimental results demonstrate that the Filter-DQN method improved performance of baseline models by
8.28%, 45.28%, compared to full variables and naive mutual information based selection, respectively.

Futhermore, the reduced dimensionality of variables leads to 2.6% reduction in computational cost.

» Key words: Feature selection, Filter methods, Reinforcement Learning, Stock price prediction,
Deep Learning
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Stock Prediction

a5 A o152 A 27t HlolEet thefet FAl Rl
= 83 AAIE ZA0 &S gt 7IE A4 A
= X4 (Relative Strength Index, RSI), ol=H+# &
YA Moving Average Convergence Divergence,
MACD), o]zH+HMoving Averaging, MA)1} 72 7]&
A AIEE BEN] A PPYL A5 £} M
2 2R o 572 SO 15]. oleidt AEA o5 2
52 D71 A HiE RAole 2ol A|Th A7
ARl ZA| Wehd =A| A W4ete] JoArg-S vhgst
7F At A glolEfe] Al el o Esh|
2ol M2 A dold =A Al Hat X)7dshA

QAp 2 A FAS 125K Zoll =A] 35 A
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rr
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rok
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e Sl golef 32 4782 013, 5
= Q 2710] ZA| AAZAA] X]E7} KOSPI
A49] %%*éoﬂ Rl ds A6t =4l Aol
ArgAR.S Alxx o 2 sholst Al il 16]. TheQl 2
(Multi Factor Model)2 Zt=29] F2], AAK|S, E71K
2ot 22 20 ﬁﬂ AE7E 8% 54 ARl oAl 9
qatod] SEEAIIT), e A7t AR
Ef 7]%4 o 4_,_0}_,1 9lo] AX7to g &xlol= A]
A 2] gelsbl tgsirle of2iick

A7) Yste] o= LSTM(Long Short
Term Memory)dt Transformer 7]§F H2jd 222 &
25t} u|MEA0l WA 7F B2 skasln Al7| o FEA
g mAoR Hefshs A2 Aol AlotElglct. + A
Ao Recurrent Neural Network, RNN) 7|¢t 2@le

AL HolE ARl gEYS T7IHeR @ %ﬁ*
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tH19,20].

S oleidt Yl J1 HRUE DA dlojelo]
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il 2. 91, T8 dolet W3 2] S99 4
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1.2 Feature Selection
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A(Principle Component Analysis, PCA), @ E9IF
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1.3 Deep Q-Network

DON&= 385 7IX|et5(Q-Learning) 4l a%% As
Al73W(Deep Neural Network)Q 2 #HAlsh 715} sk @
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Transformer-based

Prediction

Full Data Feature Selection
X iterations
F'E:::'al Environment
: , close
] | i -

=" : Random Sample

i : Clone Network

tf2 : Freeze

Fig. 1.
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Split & Em bedding

Architecture of proposed Filter—DQN with transformer—based predictor
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III. The Proposed Scheme

1. Filter-DQN Framework
deld 2o AR AXAA KBS TEE CRE)

¥4 NS 4T A WUSH AT 8] At
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Ic). Filter-DON wo% Hejstete QYIES2) %
A SASHE e SEZ Atk of WPoIN WA
8353 Sl ool MENQ, .., )T o1 2AIR B

UEAZQ0rger) 2 OIFOIAH, B} UEYAIE UA
A=injc} wjo) YESA} $7)3f HEs AR 25
Aoz Filter-DON H|Ql Y EQIFet Bl YEL 9]
MSE 24 845 4slsiol 24 AAg siadc
Yiarget — Tt +’Ymaxa, learg(f(8f+1’af+1)
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2. Action Grouping
WAE0] j4 7t A7k wet g gito] J)stR
o2 s A shdstud ¢ dreie

S HAo| QAlEH Actog B
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Ea S|
A
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ZUL 012 §3 W e 28M02 FAUAE
P We £US A3Y 2 Ak AT A9k Table.]
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IV. Empirical Results

1. Data Description

Table 1. Features of the Dataset
Groups Features
Intrinsic Open, High, Low, Close, Volume
A (10,20), MACD (Signal, History),

Technical SAR, SAREXT, Bullinger Band (Upper,
Indicat Middle, Lower), ATR, STD, RSI, CCI, ROC,
NAICAtors | williams %R, ADOSC, OBV,

Stochastic MOM (Slow %K, Slow %D)

S&P 500, NASDAQ, DJIA, RUSSELL, VIX,
Global PHLX Semiconductor Sector Index, Dollar,
Context Gold, WTI, Nikkei 225, HSI, SSEC, STOXX,

Treasury Bill(10Y-2Y)
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o] RA A 28 2529 FA| A, =l
 She HEat 22 AR alld RiZtsHA
WS JIE UL oF ARINE Rz 71 gw
(Open, High, Low, Close, Volume)ltt 7|&A A1} 7
o] £ Wl Fetel ABES ol B3] FA] o5
H2 AAtE Folld ggAolITH3 4] & Aol
+ 7159 P HlolH WS dof foulgt mAIA Al
Ar tiekS bid5}r] 95te] Table 1.9] Global Contextof]
sigste Ha HIojElE 27t /dstitt. ol & Sl dl&
2tlo] 2] 7xle] Wsle} KOSPI 712 7te] B2 713
5] mAKE 2 9w2 M)

% B dple2s old 2 A
S&P(Standard & Poor), o}OlEﬂ ZA10] NASDAQ, ¢t
AR ¥FER PHE DIA, F471952 olFoll
Russell, A9] 22442 UEtd= VIX, ¥H=A] AAE
Himsh= SOX, ¥-22] 222l Dollar, 0]=5A19] FH7]
e AE2 st

Eot B TjESH= FA 02 Nikkei 225, 229 2
§ U BEM v koo] 57 HESE VNI AU

A

WS s

/\Egﬂl:

71l HSI, Aol 58149l SSEC, 93 177129 28
7|9ER A STOXXZ A3kt
FI7MRo R A Pt A% S oefste ol =
20l EHE: HGold)xt €& 71A(West Texas
Intermediate, WTI) Ho|E| &= %6}9‘;

124 AERZE O8I 2L QA5S
ok 001] ol 5NN, o152 49 - 041 A2
(MACD)Q} Al AM(signal)y} 3] AE T3B(histogram), ¥
A AAg 0| &8H= Parabolic Stop and Reverse(SAR)
9} Extended SAR(SAREXT), &3x HHE(Bullinger
Band)] Ad, £, sid Wit, @4 AA HEH
(Average True Range, ATR), EZHRKstandard
deviation, STD), A 7= X]4~Relative Strength
Index, RSI), A= A X]4(Commodity Channel
Index, CCI), ¥H3l&(Rate of Change, ROC), La]dA
(Williams) %R, +=A524] QA1 o]E(ADOSC), Hl=F &
A X]E(On-Balance Volume, OBV), &&A TUe
(Stochastic Momentum)@] Slow %Ke} Slow %D.

ZA| glo]e] Ao} W4 742 Table. 10 AASH vie}
. HlolH & 2415] 24 4 Qe ald 7kt 9|
#%E uste] A 7172 19969 14 4957H 2024

d 84 3097HX]9] 40719] HA2 o] Al HlolEE 4

],
7to

steict. 717 AlEo] SiSets WASS QMAmGH
(Investing.com)ol|A], 7]&A R EE 7142 AEE 78t

2 AEsilt ®gF 1Al A BAIE UEdl= AAl A
A Y452 FRED(Federal Reserve Economic Data)&

ARESIT). A Hlo]El= Filter-DQNIt o5 o] A]
E% FH(80%), H5(10%), EIAE(10%) 7tz #2
lgon, &3 7|17 19964 19 4U¥RH

24U7HK] 5651€9] flojgE, AZ 7|7te
A 2445 E 20219 19 67| 663Y2] Ho]
EHE, HAE 7|7k 20219 1Y 62HE 2024 8% 30
U7HR] 66342] Hlo|H & ARSI

_R

> I
ol

b

ol

20184 44

2. Experimental Setting

Table 2. Hyper-parameter Setting

Model Hyper-parameter Value

€ 0.9

€ decay 0.99

Filter-DQN | gamma 099
hidden_layer 128

epoch 1000

k 20

lookback length 60

predict length 60

Model dimension 256

Prediction Feed Forward layer size 128
Model number of heads 4
number of workers 3

dropout ratio 0.2

patience 3

0]&|(hyper-parameter)= Table.20]] AA|gH Hie} 2o
o, R 9IS HAS] Slstol 2| AUt 2

o
& Al7d%(Feed Forward Network)9] 3715 7t43}5t%

on, =TFoRx(Dropout)r} =z7| Fr 9X|(Early
Stopping Patience)s 45ttt A% s HItE
sl o5 2o 2% s ALt Zs AR
Y3t stedofollA Alesilal, A2 ohaat Atk
CPU= AMD Ryzen 7 3700X, GPU+ Nvidia RTX
A4000, RAM-& 32GBojtt.

7| E2 MSE, MAE, MAPE(Mean Absolute
Percentage Error)S AF23sto] ndo] o& =8 849
5}01]:,} MSEL oiﬂ7<7Po] YJ_} }\17\] 7Po] YJ K}CI)_]_ QK}
off theh Al Bwtolo}, MAE= QA9 Zuigtof tieh
2. MAPE: Q12 Al o2 Ui 2h59) Bgolth
2} 7k Al EO Ofgt 2Ale cheat 2.
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g Wgss adts 7K, MAEE 24t 37
, MAPEL QxJo] 37]2 g1

3. Experimental Results

Table 3. Accuracy table

MSEO|A ZF2b oF 14.57%, 22.8% ‘35 /o] AU,

e
m
2
=2
>
5
rE
4w
jn
i)
> o
EIE

>.
o
1o

d4o= #H 0
M2 AR 7, =2 ML S 7= 4 k) 182 2L
2 g 9siolct Filter-DON B}A12 naive MI ZE| 81
te] =& 239] Frh AuolA LAlRt deS Bt
Naive Mix= &3 Clo[E{e} HIAES Fe|ot AJejolA L&
KMoz i Hlojy AlojA 2t ¥iaSat Bl HAete] M
2 AR H, =2 MIS 7= A9 k7 B
e wholc}, Filter-DON& MI 312 7[8to g2 §ARS =
© AlARIOIA|RE Z1E0] MI Y Ofe] 42t d52 o

Filter-DON Z2f|A9] 30| 5315 ASsch
4. Additional Analysis

Table 4. Training speed comparison (sec/iter)

Model Full S?cl)if_tsd change(%)
Autoformer 0.5729 0.5644 1.5(%)
Crossformer 0.5858 0.5570 4.9(%)
Nonstationary 0.5400 0.5332 1.3(%)

Method MSE MAE MAPE
Z| w/ Ful 0.063 0.193 0.102
_g; w/ Ml 0.067 0.201 0.106
23'; w/ Ours 0.062 0.195 0.103
S w Ful 0.048 0.173 0.087
g w/ MI 0.042 0.156 0.085
é w/ Ours 0.041 0.159 0.081
cf w/ Full 0.068 0.202 0111
g wwM 0.780 0.207 0.115
5’ w/ Ours 0.053 0.173 0.093

2 7o) o5 BR2E APY o5 Sl 43t
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Correlation Heatrnap of Full Dataset
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Fig. 2. Spearman’s rank correlation heatmap of full
data(top) and features selected with Filter—DQN(bottom)
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