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Abstract The candlestick chart is a diagram that can be used for the intuitive capture of stock price
trends. Hence, if profits can be made by the implementation of candlestick chart analysis, deep learning
algorithms would be able to determine stock price movement patterns. The purpose of this study was
to predict the price gap measured by the difference between the previous day's closing price and today's
opening price after the assessment of images of intraday and daily candlestick charts using the CNN
model. The following empirical results were obtained for individual stocks in the KOSPI 200 index. First,
the proposed CNN model had 55% accuracy in the binary classification predicting the up and down gap.
Second, an accuracy of 58% was achieved in the upward move of the gap and 54% in its downward
move. Third, the simulation based on out-of-sample data increased the CNN gap prediction model
performance, which was higher than that of the benchmark model. In future studies, the predictive
performance should be improved by the addition of transaction information of major investor groups to

the images.
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Fig. 1. Composition of candlestick
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Fig. 2. Example of candlestick pattern
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where Open, is opening price on day t,
Close, _, is closing price on day t—1.
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Fig. 4. Diagram of a building block
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Table 1. Explanation of training image

Name Timeframe| Date Data
@ | Individual stock Minute T O, H L C
@ | Individual stock | Minute T \Y
® | Individual stock Day T MAGB3,5,10,20)
@ KOSPI Day T MA(3,5,10)
® S&P500 Day T-1 MA(3,5.10)
® NASDAQ Day T-1 MA(3,5,10)
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Fig. 5. Example of candlestick chart for training

F7F A 45Tt 9 d&she o]l EF(binary
classification)S T]OH (Z)Q- Zro] oJu|xof] 01} 1& =+
I (=

0,ifgap >0,

Label for each image = {1,ifgap§ 0 @)
3.2 7|=8AE

Table 2+= KOSPI200 A F&°] F7} 7§ $9&]
dfet 7]z B Ao,

7

A #E 245,492700) A= F Y 45 109,845
7ol 78 sk 135,6477001t}. Bt =E(average,
avg)2 AAo1A 0.0458%7F Ytal, 4 A5t 7] ok
2 717} 0.8551%, -0.6096%5 E3 E‘r HFEWRK(standard
deviation, stdev)Q] A% 7 A2 1.0273%, 7 skt
< 0.9421%% 78 A5olA ¥sAdol © e, ol A
slEollA =018 02 EFSIG7] WiEe R Helrh 74
FR1E] -BATES I 27} 18,572 KT FH+)
9] ghol ugk=d, ol i 7|7tol| 71 74 @/do]

EP2S HojErt
R =(skewness, skew)= 0.882 Yo7 XA,
Hx (kurtosis, kurt)= 57.112 H=SE ©Qko] Bxs

Holt}. Fig. 6& F71 7 $0l89] s|AEIHo|t}

Table 2. Summary statistics of price gap return

Total Gap)0 Gap<{=0

Count 245,492 109,845 135,647

Avg(%) 0.0458 0.8551 -0.6096

Stdev(%) 1.2219 1.0273 0.9421
t-statistic 18.57
Skew 0.88
Kurt 57.11
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Fig. 6. Histogram of gap return
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A5l olv]|R] Y-S Table 33 Zo] g5,
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A5 oA =5 o] W] ol 4§ sk
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sampling)stATH23]. FE 7|72 20179 19+H
20219 12¢ 30€7HAI°le:. olulA] JY Al 2=
256x256, Ad(channel)2 3(RGB)C.& X3}ttt

Table 3. Training/validation/test data set

Total Training | Validation Test
Count 219,690 153,782 32,954 32,954
Ratio 1 0.7 0.15 0.15

o]-&3t CNN 39| T3o|t}, 1y

9] A= F7t oA E B3l FAIE STl Jiang et
al.(2020)9] A+ S L-E5IATHI8]. FAHoZE
Simonyan and Zisserman(2014)°] VGGof|4] o]-&st
AA"E A WA S0 64719 DEE ARSHaL24], &
o] HojASE HYo] EYSXEE HERH T UHE
28 S eH25].

243} 3 Leaky ReLU(LReLU)E ©l83t3l=

g, o] 3= ReLUSF E8] YEigo] €454 iz 9kt
o] 71271 Fofst] HEI7F SAHA] ettt Aol
ATH26). 4] (3)2 LReLUS| &40, Fig. 82 RelU
9} TReLU9] %}o]E EA3}st Aolt},

z, ifrx> 0

b itz <0 where k=0.01

®

LReLU(z) = {
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AYet A+ HPE o-&ste] F5(training) ¥ HF

» 0 (validation) 292 X8kt Fig. 9= HHE S50
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Fig. 8. A comparison between ReLU and LReLU

Training and validation accuracy

® Taining accuracy

FAADAZNNE EEoFHdropout)S ORBG  oss| T Vet sy
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Hog »go) MYgE =RITH27IL. 054

Table 4= 23 A0l AH8H H4LE oSl ot 052
$£ASeE HEY WA AEZT(categorical cross
entropy)E °l-&st3let], £3F0lA AZEHAE §
o A A5 sk gE& EYst] el A5t 0 2 “ & o 100
<(optimizer)= SGD(SGD : Stochastic Gradient — Fig. 9. Training and validation accuracy
Descent, °J3} SGD)E AR&-5FATH13].

Training and validation loss

Table 4. Parameter settings 0,605
Parameter Setting
- - 0.690
Loss function Categorical cross-entropy
Optimizer SGD 0.685 -
Learning rate 0.01
Batch size 32 0680 1 -
® Taining loss
Dropout 0.5 P Validation loss
Epoch 100 0 20 ap &0 0 100
Fig. 10. Training and validation loss
2F 2P &4do] 7MY Rold o4 HPos A
HA{ 247 = > =
4. 24 Zn akieh H% 239 Yot £4L Table 50 EA|

shait.
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Table 5. Accuracy and loss of selected model

Training Validation
Accuracy 0.5623 0.5830
Loss 0.6832 0.6755

42 B2 0|z 2t

Table 62 AA4E HPOZ HAE HolHE
A7= 9 B
Table 72 2389 Hs=

,Z_f‘)‘
= i

q
B2 H(confusion matrix)2 YERH ZHo]1,
5= H7lol] So WK EE &

o=
2 Uil Zlolth. HrA#E (92 Zo] Akkdrt.
(TP+ TN)
A =
Y = (TP TN+ FP+ FN) @
Precision = _mw
ecision = —p 0
P
Aecill = 7 N
_ 2*Precision*recall
Precision+ Recall
where
TP is true positive
FP is false positive
FN is false negative
TN is true negative
Table 6. Confusion matrix of prediction
Predict
Up Down
Actual Up 6,475 10,002
ctua Down 4.764 11713
Table 7. Evaluation metrics of result
Precision Recall Fl-score
Up 0.58 0.39 0.47
Down 0.54 0.71 0.61
Accuracy 0.55

Ankeh b 75-‘—} A& (accuracy)= 0.552 50% ©4F
9] ASEZ Hirh
14“]E(prec1s1on)°l]/\1 A 52 058,
0.547F Uit 23o] | 508 ERTt olv|A] &
Al A d5eIud A= 58%aL, 7 sito R B
oju|z] F AA| 3 ot A= 54%TH= Folth
N&&(recall) SHoA= A 7 453t oln]A] &
A AEor BRT A7 39%0]aL AA 7Y sHEt o]
v|R] F 7 slEo s ERT AUt 71%%rh AAHS
2 74 sfete] Wik HA=T, A ol olv|Ao] &
091 97 =0} Q7] wiZolgtal wHT).
ALl AL 45T A(rade offE HolH, &

2 stere
A
],
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Fig. 11. The number of gap up and down

Table 82 & 2%

71 74 Qg9 9 73*7"4 Ezw‘;‘]’— K=l
o} 1EYoA Hit $94EL 0.1078%= F-9J5t @
FolEo] Ueton, E97 oHdas 29 £9g°
=M= AFE Bk

Table 8. Summary statistics by decile

Decile Ave(%) Stdev(%) t-statistic
1 0.1028 1.2788 4.7951
2 -0.0199 1.2750 -0.9307
3 -0.0703 1.1765 -3.5663
4 -0.0742 1.1990 -3.6931
5 -0.0663 1.1511 -3.4347
6 -0.0834 1.1195 -4.4451
7 -0.0728 1.1918 -3.6437
8 -0.0851 1.0503 -4.8323
9 -0.0834 1.0034 -4.9593
10 -0.1244 0.9578 -7.7513




fill‘

AFsl7| &880 A248 A1, 2023
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KODEX200& i€ F7}] w3l tha & Al7}] o
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KODEX200Z His= & Hf5k= A= (buy and hold,
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(modified sharpe ratio, MSR)}& ©]-83}%. 2™, MSR
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— . " ifavg >0
MSR { stdev* v/ (252) Havg
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olt}. 18] $E(win rate, WR)= AH&3dlo] HoiFdct

Table 93} Fig. 12+ FARdER] J7HE Hojseal Qrt.

Table 9. Performance of L-S strategy

Strategy Ave(%) Stdev(%) MSR WR(%)
L-S 0.2286 0.4275 8.4893 75.00
oS -0.0291 0.7684 -0.0089 51.83
BH -0.1119 1.1599 -0.0519 48.17

Fig. 12. Equity curve of L-S strategy
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Table 107} Fig. 132 A#H]
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Table 10. Performance of L-S strategy including

cost
Strategy Ave(%) Stdev(%) MSR WR(%)
L-S(0.1%) 0.1286 0.4275 4.7764 65.85
L-S(0.2%) 0.0286 0.4275 1.0634 53.66
L-S(0.3%) -0.0714 0.4275 -0.0122 43.29
(6N -0.0291 0.7684 -0.0089 51.83
BH -0.1119 1.1599 -0.0519 48.17

2022-04-01

2022-07-01

— | -5(C05E:0.1%) L-5{cost:0.2%) L-5(co5t:0.3%) = == 05 :ss2:x BH

Fig. 13. Equity curve of L-S strategy including cost
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