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[Abstract]

In this study, we developed a system to dynamically balance a daily stock portfolio and performed

trading simulations using gradient boosting and genetic algorithms. We collected various stock market data

from stocks listed on the KOSPI and KOSDAQ markets, including investor-specific transaction data.

Subsequently, we indexed the data as a preprocessing step, and used feature engineering to modify and

generate variables for training. First, we experimentally compared the performance of three popular gradient

boosting algorithms in terms of accuracy, precision, recall, and Fl-score, including XGBoost, LightGBM,

and CatBoost. Based on the results, in a second experiment, we used a LightGBM model trained on the

collected data along with genetic algorithms to predict and select stocks with a high daily probability of

profit. We also conducted simulations of trading during the period of the testing data to analyze the

performance of the proposed approach compared with the KOSPI and KOSDAQ indices in terms of the
CAGR (Compound Annual Growth Rate), MDD (Maximum Draw Down), Sharpe ratio, and volatility. The

results showed that the proposed strategies outperformed those employed by the Korean stock market in

terms of all performance metrics. Moreover, our proposed LightGBM model with a genetic algorithm

exhibited competitive performance in predicting stock price movements.

» Key words: Algorithmic trading, Stock market, Gradient boosting, Machine learning, Genetic algorithm
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I. Introduction
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II. Related Works

1. Machine learning models
.1 Ensemble learning method

) st (ensemble learning method)2

I YERIFE ERoR Al et

A
Mo rok
=

=

o

=\é
=)
o
19 g
e
:n II\)'
l-uO
|—I
o
DN
_A.. H.IO
Y,
i)
ol
=L e gy 1o

i lUr[18] Slroky[19]t =
gH. %H SO 71E HHE S0 vloll sT2
g, tlolg] AEY sk5at 75*% A Tt
AlE AM2lshr] ot 2gs1i)

st diHoz i (bagging)dt HH
(votlng) AE)7)(stacking), BAE(boosting) 508 &
FEIT}. 7] Bootstrap Aggregation?] 2fAtolny, 22
RS 0]83to] AE2 2] ¥ Fot Bootstrapg 23745t
A, 7 9283 sFGAA AukES A7|(aggregation)sh=
Weo|t}{18]. BE-2 viilat g, A= At&ol tis) of
2 719] o& 29 Autz9] 715 Fi(weighted vote)&
ol 25 A& Auts AT AR ofg] 79 Aol
gt wEl=2 &80l 2129] o Auts =&okl, 1 %
AE o5 Zus tHEojuls wHAlo|H,

S22
A4N, 2AROR Si5e 2t Pejald),

2 Ik, ¥4 718 S Gy 8
%&i 32 FRun g mmcﬂz

AN

=]

o|ct. WMOJE %i%" HoﬂEﬂOl E
st W oE, A2 otz AR J
Kaggle & tAled Z4Atiz]o] 4] ‘*J%J gE
ARgshE o2 defioni[21] A Thst &
714 ¥s o & F8E 1 QItH11-14, 22].



Performance Analysis of Trading Strategy using Gradient Boosting Machine Learning and Genetic Algorithm 149
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1.3 LightGBM
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Fig. 1. Flowchart of the Standard Genetic Algorithm

III. Data and Experiment

1. Data Set
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2. Experiments and Method
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Table 1. Technical Indicators Used for the Analysis
Indicator Formula
. C—L C' = Closing price, L = Low price
R Posit P = < : ' s
ange Position RP (HfL) 100 where H = High price
C —-C B - . . . f
Price Rate Of Change ROC= (—"=—"-") < 100 where: Cp—n= Closing price 1 periods before
G most recent period
1 n
TR = M H-L), | (H-C,) |, 1 (L—-C,) | |,ATR=(— TR,
Average True Range ax[( )1 p) ( p) ] (n); g
where: TR;= A particular true range, n= The time period employed
A +A,+..+A = i i
Simple Moving Average SMA = 1 9 n where: A= Average in Qerlod n
n n= Number of time periods
Disparity Ind pr= G _nPMAY) h PMAV = n-Period movi |
isparity Index =—-r : = n-
p y WPMAV> 100 where: n n-Period moving average value
Vol, ifC>C,,, OBV = Current OBV level
On-Balance Volume OBV = OBV,,., 0, if C=0,,, where: OBV, = Previous OBV level
—Vol, ifC< Corev Vol = Latest trading volume amount
. D _ . .
Moving Averagg MACD = 2 (EMA(12). — EMA(26).) where: EMA = Exponential moving
Convergence Divergence AL B P average value
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Table 2. Confusion Matrix and Four Measures

Predicted condition
Total
population Positive (PP) Negative (PN)
=P +N
. False negative (FN),
>
g« Positive (P) True poilittlve (TP), type II error, miss,
@ underestimation
g False positive (FP),
g__ Negative | type I error, false | True negative (TN),
= (N) alarm, correct rejection
> overestimation
Accuracy — TP+ TN _ TP+ TN
Y=7"P+N ~ TP+ TIN+FP+FN
Precision = __Trr__
TP+ FP
TP
Recall = —————
TP+ FN
Fl-score = 27P
2TP+ FP+ FN

TYRlE BAY BT 7 oS vanrtE )
A glolE] & 20134 79~2018F 647HX] 6071Y Hlo]
EIE statlolE g, 20189 78~20209 697K 24714
HolEls BlaEgo® Agslgrt. stolmmtolE By
o= R ver 4219 mlr package?t mir3tuning
packages ©0]-85to] P8 £A49] sto|muj2tu|ElE =
Foloic). YuelEEe £ o 8% slolmutaluls
9]+ Table 33} Ztt.

Table 3. Range of Values for Hyperparameter Tuning

Model Range of Values
Booster: [gbtree, dart]
Number of Trees: [50, 100, 150, 200]
Depth of Tree: [3, 4, 5, 6, 7, 8]
XGBoost Control Depth of tree: [1, 3, 5]
Regularization parameter: [0, 0.2, 0.4]
Learning Rate: [0.05, 0.1, 0.15, 0.2]
Boosting type: [ghdt, dart]
Number of Leaves: [31, 200, 500, 800]
Max Depth of Tree: [20, 50, 80, 110]
LightGBM | Control Depth of tree: [10, 20, 30]
Feature Fraction: [0.5, 1, 1.5]
Regularization parameter: [0, 0.2, 0.4]
Learning Rate: [0.01, 0.05, 0.1, 0.15]
Number of Trees: [100, 500, 1000]
Depth of Tree: [6, 8, 10]
CatBoost Regularization parameter: [1, 3, 10, 100]
Learning Rate: Automatic
2 AdoM+= BY 7t Ul & o5 E AlR7Tof of
Eote Hatn 9 571 o4 § 0 570 ot
= & 7R AEE tdeR 45 vl E7HE ASEsHoiTt
6071 59t o A $BES 9L £t ol 5 O
g AlE7} Ol A 1)2k B0} e AR 2) 77t

2.2 Experiments 2
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IV. Results

1. Experiment 1
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Fig. 2. Cross—validation Time Series Split (Unit: month)

Table 4. Evaluation of Gradient Boosting Classification
Algorithms
(a) Strategy 1 (sell on the next day at opening price)

Model XGBoost LightGBM CatBoost
Accuracy 0.751 0.762° 0.753
Precision 0.776 0.764 0.779"
Recall 0.946 0.996" 0.943
F1-score 0.853 0.864 0.853

(b) Strategy 2 (sell on the next day at closing price)

Model XGBoost LightGBM CatBoost
Accuracy 0.677 0.686" 0.686"
Precision 0.697° 0.690 0.691
Recall 0.941 0.989" 0.982
F1-score 0.800 0.813° 0.811
" Highest value
2. Experiment 2

S8 LU2EE o83 W A ofR x A ujs
5 7o e U 7] A=FEe Egold Alegold 4

1= Table 5, Fig 31 7t} A2k 584 dug]&
107§ &2 Ego|d)9] CAGR(27.32%)0] 714} =& 71O
237 =jQlon, AF 3(2s W, 107 5= Ego|d)
o] & A =2 CAGR(15.06%) 2t} Yl 7] k9]
CAGRE 2% 10% o]ito]ln, KOSPI A4 & KOSDAQ
X]49] CAGR(5.23%, 1.22%)2 Ak5lstal itk AFZX| 4
T3t A 57 TP =2(2.22) Aow UEhon, H=f
698 LuE M8, 2053 EdPlY)ol It ke
(1.64) 712 H71=]qict KOSPI & KOSDAQQ] AFLX]
471 2171 035, 0.1490 200 ol 4] 7) 2% 2 A
R4t 1 o]Atel Zlog mrw]Qict
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Table 5. Performance Analysis

Strategy Variable Selection Number of Stocks CAGR (%) MDD (%) Sharpe Ratio Volatility
3 All 10 16.06 -20.85 1.52 14.05
4 All 20 10.47 -20.31 1.25 11.31
5) Genetic Algorithm 10 27.32 -19.18 2.22 14.96
6 Genetic Algorithm 20 15.00 -20.44 1.64 11.94
KOSPI - - 5.23 -29.98 0.35 17.46
KOSDAQ - - 1.22 -32.61 0.14 22.06
Variable Selection
All Genetic Algorithm
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Fig. 3. Cumulative Return and Drawdown Chart of Strategies
MDD9] 73, 2 5(-19.18%), A=t 4(-20.31%)2} V. Conclusions
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A} skon], ek 5(14.96)7t Ul 7 A & 7MY &2 710 KOSDAQ £552 AdE, Ed°]
2 UERdTH KOSPI A]4 & KOSDAQ A|49] #lisAde 1, 1 /452 vl Brlsiyltt

7}7k 17.46, 22.060.2, Lﬂ f A2 mT KOSPL A]4 2 52 &8sto] 2013 7€o]A 20225 6AEW] KOSPIQ}

KOSDAQ #]pof HI3} J2et 2oz FA=ICh KOSDAQ APge] A2l $5(1.733~2,66470)°] 48, 4
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