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A Market Timing Prediction of Option Short Straddle Strategy Using
a Meta Model
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Abstract This study proposed a meta-model for determining the entry positions for an option strangle
strategy using the Explainable Boosting Machine (EBM) and its investment performance. Using the KOSPI
200 Index Options data and exogenous market variables from 2004 to 2018, 95 features were
engineered, and 22 were selected through feature importance, T-tests, and manual selection to train the
model. The key findings were as follows. First, the performance of the meta-model, with a precision of
0.6404, a recall of 0.7828, and an F1 score of 0.7045, demonstrates the capability of the model to predict
the success of the investment strategy with approximately 70% probability. Second, the key feature
variables influencing the predictions were confirmed as the day of the week, the 10-day standard
deviation of VIX, and the three-day standard deviation of the Hang Seng Index Third, the Sharpe ratio
of the strategy filtered using the proposed model exceeded the benchmark. These results highlight the

effectiveness of transaction filtering through the meta-model.
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Fig. 1. Option short straddle strategy
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Fig. 2. Architecture of meta labeling

2.4 Explainable Boosting Machine(EBM)
EBMZ 314 7}s/dS AR ok w4leld 2
goltH11]. o] RFL utst 71 2 (Generalized
Additive Model, GAM)2] & Feild], o33} 22 &
A& 283 9ot
A4, EBM< Hid(bagging), LIHAE FAH
(gradient boosting)¥ 72 Azl HAIHY 7|Ho

2 B4 U5 Fattel S50 452 Btk B4,
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Table 1. Comparison of EBM, RF, Boosting
Feature EBM RF Boosting
Interpretability High Medium Low
Performance High High High
Interaction Detection Yes Limited Limited
Training Speed Fast Medium Slow
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Fig. 3. Example of EBM function graph

3. ClIOE{Q} Moty ATH

3.1 HIO|E| AH

Table 2= AMEE Y& HolE(raw data)g XS
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Close

Table 2. Explanation of raw data

Moving Average B

1

Item Description Source
Copen Call Open Korea Exchange
Popen Put Open Korea Exchange
PrevCclose Previous Call Close Korea Exchange
PrevPclose Previous Put Close Korea Exchange
PrevCOI Previous Call Open interset| Korea Exchange
PrevPOI Previous Put Open interest| Korea Exchange
KPopen KOSPI Open Daishin Securities
KPprevclose KOSPI Previous Close |Daishin Securities
VIX CBOE Volatility Index Investing.com
SHANG Shanghai Daishin Securities
SPX S&P 500 Daishin Securities
COMP NASDAQ Daishin Securities
HSCE Hang Seng Daishin Securities
USD/KRW Exchange Rate Investing.com
KQ11 KOSDAQ Daishin Securities
KS11 KOSPI Daishin Securities
99915 Gold Daishin Securities
99925 US Bond 10Y Daishin Securities
99944 US Bond 2Y Daishin Securities
CM@DUBIM Crude Oil Daishin Securities

Table 3. Processed data for training
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Fig. 4. Histogram of daily returns for short straddle

strategy
Item Description
Open ratio Copen/Popen Table 4. Summary statistics of daily short straddle
Prev Ol Diff PrevPOI-PreVCOI returns
Day of month Date Statistics Value
Weekds Mon:0, Tues:1
eexday Wed:2, Thurs:3, Fri:4 Average 0.0061
Gap KP200 open/prevclose-1 Standard deviation 0.1691
VIX Skewness -2.7065
SHANG Kurtosis 27.6171
SPX Min -1.9014
COMP
HSCE ) . Max 0.7846
Daily return, Daily return, Count 3712
USD/KRW Disparity ratio, |3, 5 10 days of disparity
KQ11 Standard ratio and
Ks11 deviation standard deviation
99915 3.3 HtEY
99925 WS 3.180] ANE WrE SAUEE A
99944 _ _
9o | Sk Bl 79 & Zolo| urAlEt AL
CM@DUBIM gteh. B (target) ® 19] & 4=<Jo] WrAgst Z¢
1, oRd 7% 002 At 2ao) Arke 0oA 14}
o|9] 4= HHPHD o] S Fof vin ¥lEE 245t
3.2 U8 YT H|O|E

£ Q7oA Y 94] 180] 2 &4 S7HA(Ar the
money, ATM)| FHEE Agste] F7lo] Farshe
HeFe 14 myor ek, shgol o8 U

A, vl He] 1Y oRE waE 4 Uk
HAH 9L Fig. 500 BAAO, A %
% gL et 2o
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Fig. 5. Flowchart of suggested meta-model
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T-test
Manual selection

Feature
selection

Hyper
parameters
fitting with

optuna

Explainable
Boosting
Machine

Valid data

Predict
(Best Model)

Trading
decision

Table 5. Selected features

Item Description Date
99944 _Std_5 US 2Y Bond 5-day Std T-1
COMP_Std_10 NASDAQ 10-day Std T-1
Day of month Date T
Gap KOSPI Gap T
HSCE_Std_10 Hang Seng 10-day Std T-1
HSCE_Std_3 Hang Seng 3-day Std T-1
HSCE_Std_5 Hang Seng 5-day Std T-1
KQ11_Disparity_10 KOSDAQ 10-day Disparity T-1
KQ11_Disparity_3 KOSDAQ 3-day Disparity T-1
KS11_Disparity_10 KOSPI 10-day Disparity T-1
KS11_Disparity_5 KOSPI 5-day Disparity T-1
Open ratio Put, Call Open price Ratio T
PrevCclose Previous Put Close T-1
Prev OI diff Previous Open Interest Diff. T-1
PrevPOI Previous Put Open Interest T-1
SHANG_Std_10 Shanghai 10-day Std T-1
SPX_Std_10 S&P 500 10-day Std T-1
VIX_Disparity_3 Volatility Index 3-day Disparity | T-1
VIX_Disparity_5 |Volatility Index 5-day Disparity| T-1
VIX_Std_10 Volatility Index 10-day Std T-1
VIX_Std_5 Volatility Index 5-day Std T-1
Weekday Day of the week T
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Table 6. Best parameters of final model

Parameter Value
Max_bins 142
Max_interaction_bins 19
Validation_size 0.18
Learning_rate 0.08
Min_samples_leaf 4
Max_leaves 2
Max_rounds 4987

4.1 O Z2t 3lHEN

HE 13 d599 5A4 4949 gRls] e
(3)F Zo| FJAEHE AYPct. o7|H SH Hee
Fo| HIAEA(test set) &3 03t 1 Aol A5 &
ES AHESHRA, F4 HeE dE e A=k g3
£ A&tk

=

Y, =6, T8 X +¢ 3)
Table 72 3#AEA AAE HogEth IAAGT=
0.2699=2 YUEtgow, -BAFS 2.33°02 AL
o}, o|2HE By AEgiat dd Fui M Aol
BAZCE [o3t g9 TAE FAT = Sk

Table 7. The regression result

Measure Result
R square 0.0087
Coefficient 0.2699
T statistic 2.33
42 Y MWt
Table 82 H% 599) 452 Brlet Azjolch
8 (accuracy)= B0l AA A& F It @
o] ASPE=AE UEhl= AR, o] P2 HA #

£ 3F 58.2%% SHIEA A&t

A% (precision)= 2Fo] F4(positive) 2 &
gt AH F AR 349 HEelth BR9] #2 7
= B5ARl B §-80it). AUEs At 4l
3E 9ulspy| wiiolt. o] BE2 0.64049] FLEE
Bk

ol
g

e
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A @ E(recall)
Fol=AE oo
2} 71312 EAFH} o] BFL 0.7828
Hd

AU el PALL A2 A4S HYA(trade off) T
Al et FAA] 2Ad S8, At J1 B
of wet Z840] ekl 4 QrHisl.

mpreto 2, Azl AHgo] 2t B U=
F1 A4t 0.70452, ¥53t 452 Bt

o
=
o

e

Table 8. Evaluation metrics of result

Metric Score
Accuracy 0.5820
Precision 0.6404

Recall 0.7828
Fl-score 0.7045

43 Ed 52k oM
Fig. 62 B39 B4 F8EF Hoj31 Stk T1¥
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Global Term/Feature Importances
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0 0.01 0.02 003
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Fig. 6. Feature importances of EBM
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Table 8. Performance metrics of strategies
Measure S_0.5 S_0.55 Benchmark
Average 5.43 9.06 3.83
Standard deviation 2.49 2.57 2.88
Shape ratio 2.18 3.53 1.33
Win ratio 65% 68% 65%
Time in market 78.03% 46.56% 100.00%




9]
pil

Asl7| &8s =24 #2438 A10%, 2023

al
=

5. ZE A sHIF
2 A7 mAled 71 shuel Agrksst FAd
HAEBMLOE JFrie do] AYf s dHshe

SRS Adstel, 12 s B4
HER O] Sh5S 919) 200449 1€ 594E 2018
9 129 28U7HA|9] 948 _*9} A4 HlolHE &85

o] 95719 EAES e, % B4 385, T-test,

o=2 v
rEAEOE 22710 B A Gl A B
At

2 A9 F8 AT ohe 2
AR, HEtRE2 0.64049] FH:, 0.78289] A&
€, 123 0.70459] F1 H4E 7123 ol 29
FEApHEo] 429l5 W7, oA £A4E EXE F 70%
U st ol FAAE 2
Hvg _A_A_ Q] /\ o]q.
B = Mol FIF=
2= VIX 10¥ ®ZHa}, 181
?‘MX]# 3d ”%l?ix}%—g- gelgit}. o= EBMY] AH
ol A9 7FsA(interpretability)S &-8&5}o] HZof of
H HEo] FFE HASAE Tt HolA A+
_,] Zg_ Aé_l,}i 7}101- 2= Ohjr
A, Aot gog Jujr Ak Y ojRE HH
et A}, A5 55%5E B FER gL vt
50%5 A5 wf ofjuigh A=Y ApEelg2 ZH
3.531} 2,182, #IXu}=Ql 1.33S == A1 YE
Wt o= et ES B39 vhlEo|y M| AntE

ﬂl

L

Jo =
=

9 HojErh
S, B A7t 9 ) SRS a2 W
Az, 174 B9e des| Y Jrjeg AYshe A

o= MAAet Holoh. FF AFoAE Halgdoly 7
&4 AEE o|&g vjuf M=kl w2 gS A8t
Azre] A gRle] & "art Atk

T HARE, 24l glolBE ARG U2 Aol FHAIR
ojtt. o] IEUS} T2 8 oHIET}L Al & 3
FE PH7] "2l A4 A=g 835 A7 89
ch. tEo] 523 24 HlolEQd I8 X(greeks) = 3

ajof vz do] 2es) 2 Bast oAk
References
[1] D. De Giovanni, S. Ortobelli, S. Rachev, "Delta

118

[10]

[11]

[12]

[13]

hedging strategies comparison', EFuropean Journal of
Operational Research, Vol.185, No.3, pp.1615-1631,
2008.

DOL: https://doi.org/10.1016/j.ejor.2006.08.019

S.W. Kim, "Profitability of Options Trading Strategy
using SVM", Journal of Convergence for Information
Technology, Vol.10, No.4, pp.46-54, 2020.

DOI: https://doi.org/10.22156/CS4SMB.2020.10.04.046

S.W. Kim, "Performance Improvement on Short
Volatility Strategy with Asymmetric Spillover Effect
and SVM', Journal of Intelligence and Information
Systems, Vol.26, No.1, pp.119-133, 2020.

DOI: https://doi.org/10.13088/]11S.2020.26.1.119

Y.S. Ra, H.S. Choi, S.W. Kim, "VKOSPI Forecasting
and Option Trading Application Using SVM', Journal
of Intelligence and Information Systems, Vol.22, No.4,
pp.177-192, 2016.

DOI: https://doi.org/10.13088/]11S.2016.22.4.177

A. Brunhuemer, L. Larcher, P. Seidl, S. Desmettre, ].
Kofler, G. Larcher, "Supervised machine learning
classification for short straddles on the S&P500",
Risks, Vol.10, No.12, p.235, 2022.

DOL: https://doi.org/10.3390/risks10120235

G.G. Tian, M. Guo, "Interday and intraday volatility:
Additional evidence from the Shanghai Stock
Exchange', Review of Quantitative Finance and
Accounting, Vol.28, pp.287-306, 2007.

DOI: https://doi.org/10.1007/S11156-006-0011-X

K.R. French, R. Roll, "Stock return variances: The
arrival of information and the reaction of traders’,
Journal of financial economics, Vol.17, No.1, pp.5-26,
1986.

S.W. Kim, H.S. Choi, M.G. Bae, "Profitability of
intra-day short volatility strategy using volatility risk
premium’, Korean Management Science Review,
Vol.27, No.3, pp.33-41, 2010.

M.L. De Prado, Advances in financial machine
learning, John Wiley & Sons, 2018.

M. Meyer, J.F. Joubert, M. Alfeus, "Meta-Labeling
Architecture’, The Journal of Financial Data Science,
Vol.4, No.4, pp.10-24, 2022.

DOI: https://doi.org/10.3905/ifds.2022.1.108

H. Nori, S. Jenkins, P. Koch, R. Caruana,
"InterpretML: A Unified Framework for Machine
Learning Interpretability”, 2019.

DOI: https://doi.org/10.48550/arXiv.1909.09223

W. Zheng, TSCV: A Python package for Time Series
Cross-Validation, 2019.
http://www.zhengweniie.net/tscv/

G. Lemaitre, F. Nogueira, C.K. Aridas, "Imbalanced-learn:
A python toolbox to tackle the curse of imbalanced
datasets in machine learning', The Journal of Machine
Learning Research, Vol.18, No.1, pp.559-563, 2017.

DOL: https://doi.org/10.48550/arXiv.1609.06570




met S of§

St

4 P Aol uplEly ofZAT

[14] T. Akiba, S. Sano, T. Yanase, T. Ohta, M. Koyama,
"Optuna: A next-generation  hyperparameter
optimization framework’, /n Proceedings of the 25th
ACM SIGKDD international conference on knowledge
discovery & data mining, pp.2623-2631, 2019.

DOI: https://doi.org/10.1145/3292500.3330701

[15] M. Buckland, F. Gey, "The relationship between recall
and precision’, Journal of the American society for
information science, Vol.45, No.1, pp.12-19, 1994.

DOL: https://doi.org/10.1002/(SICD1097-4571(199401)

45:1<12::AID-ASI2»3.0.C0O:2-L

4 &

#(Chansu Kim)

20169 2¢€ : Jsisty BEET
st (AdEst E447) (384D
20184 2¢¥ : =yItista H|=Y
AITHENSYE (44D
20169 119 ~ @A : 3
7t HEATY

20229 34¥9 ~ @A : SHIdigky
HZYAITARER S ShA

FAER

duEEH Y

]

o

AR, #49

119



