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2. Support Vector Machines 0|2

SVME 7178 e] Bof 5 shle 2 25
£ 98 AL Az e 5 gud &3 o
SlElSol Bet ANE AL W, SVM LelE

e Foizl dlolE F3s vE o= 3t A=
tolE7} ol Fdh] £EAE Aos|Erh
SVM &18]lE2 F FJae HoleE g 4
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(Figure 2) Linear SVM with miss-classification
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(Table 1) Four kinds of kernel functions

Linear

Polynomial

Kernel functions
Radial basis

Sigmoid

% VKOSPI

SVM & Sa E4 H2aE 73t 4o
& AEAEE 98] R, Python, Java, C/CH+,
MATLAB# 728 g 7gfv ddojoAE= SVM
WA E FEE AT AHAE ZEIE
el A4le] HlolEE EelekA SVME AH
29y & Qo E Aol R T2
< 53 SVM 28-S T3S tH(Lantz, 2013).
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A= AgE veilFe 9 7R Y TS
A3t <Table 2> JERJATH

(Table 2) Input data

KOSPI Return
KOSPI Volatility

Net foreign buying amount of KOSPI

Variable | Net foreign-invested futures quantity

name Individual call option net buying quantity

Individual put option net buying quantity

Open interest

VIX close on the day before close
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2 1 1 U | 24 | 15 59%
D | 26 | 35
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3 1 0125 | U | 36 | 27 59%
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i, 328 4 1 1 U | 26 | 18 58%
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wn : 164) 08 U D
Data (Up : 214, 5 0.5 1 U | 19| 12 57%
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(Table 5) Greeks of options

Delta Change in option prices for change in underlying asset prices.
Gamma Change in delta for change in underlying asset prices. The second derivative of the option price for the
price change of the underlying asset.
Theta Change in option prices for change in time.
Vega Change in option prices for change in volatility(c).
Rho Change in option prices for change in risk free rate.
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(Table 6) Part of the strangle sell simulation

Date Output Call NCL:)r:t? :;tsf Put Ncirgﬁ :::t:f Position delta Return ()
2015-08-04 Down 0-2 5 0-2 5 0.0269 275,000
2015-08-05 Down 0-2 6 O-1 3 0.0254 165,000
2015-08-06 Up 0-2 4 0-2 6 0.0125 -1,190,000
2015-08-07 Down 0-2 5 0-3 5 0.0383 175,000
2015-08-10 Down 0-2 5 0-3 5 -0.0216 -25,000
2015-08-11 Up 0-2 5 0-2 5 0.0495 -300,000
2015-08-12 Up O-1 6 O-1 7 0.0272 -175,000
2015-08-13 Down O-1 8 O-1 3 0.0088 430,000
2015-08-17 Down O-1 4 O-1 5 -0.0264 125,000
2015-08-18 Down 0-2 3 0-2 4 0.0134 115,000
2015-08-19 Up O-1 5 O-1 5 -0.0201 -375,000

* K Kk X

Ignore commissions and slippage costs.
In the Output section, ‘Up’ is when VKOSPI rose during the day and ‘Down’ is when VKOSPI dropped during the day.
O-n : Options of out the money.
Position delta : Delta of strangle sell position.
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(Table 7) Performance of strategy based on actual VKOSPI change during the day

Total date Actual VKOSPI change during the day Performance of daily strangle sell stratagy

Plus return 90

Up 214¢ Minus return 122

Return = 0 2

556

Plus return 269

Down 340 Minus return 69

Return = 0 4

* Jgnore commissions and slippage costs.
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* Jgnore commissions and slippage costs.

(Figure 5) Performance graph of strategy based on actual VKOSPI change during the day
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g o33 Btk o)F mdo] Azuolele  A$ FolA s 2 Foo] BT A= oW
Ouputd 1o clZa Aol malAw & A F$oln 43400009¢) F=ofo] WAy,
A rls volEdeld deke APk vl Wk WA wkae] Fik 92 45,085,000 017
7 S S8l AA 100AHY =5 slg A ol Y ¥ VKOSPIE 18shA] ¢k e A
Fe HYF Ao A%E WAk ABZ T P £4 HEo] Frh= S mat =3,
oAtk o1 % sVM =l 7wk deke] Aol WA Zhzke] Aol RE ztape] wiAvlaRT 59
nlg A% AFE v ws] Bkl <Table 8> o] =& AL <Figure 6> 53 & & Utk A
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= 72 £, AY = vad 435 2o 1003] Bt} %3_ Fold dnh o] 2 A Sl =
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SVM E&& 7o ks Ak 6719
(Table 8) Performance comparison between strategy based on each SVM model
and benchmark average
Return (V) Number of transactions
SVM Strategy 1 -600,000 57
SVM Strategy 2 1,790,000 39
SVM Strategy 3 3,010,000 63
SVM Strategy 4 -1,860,000 44
SVM Strategy 5 -260,000 31
SVM Strategy 6 4,340,000 25
BM average -5,085,000 100
* Jgnore commissions and slippage costs.
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(Figure 6) Performance graph of strategy based on each SVM model
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S5 tH(Dimpfl and Jank, 2013; Ghysels and
Sohn, 2009).
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Abstract

VKOSPI Forecasting and Option Trading
Application Using SVM

Yun Seon Ra* - Heung Sik Choi** - Sun Woong Kim™**

Machine learning is a field of artificial intelligence. It refers to an area of computer science related
to providing machines the ability to perform their own data analysis, decision making and forecasting. For
example, one of the representative machine learning models is artificial neural network, which is a statistical
learning algorithm inspired by the neural network structure of biology. In addition, there are other machine
learning models such as decision tree model, naive bayes model and SVM(support vector machine) model.
Among the machine learning models, we use SVM model in this study because it is mainly used for
classification and regression analysis that fits well to our study. The core principle of SVM is to find a
reasonable hyperplane that distinguishes different group in the data space. Given information about the data
in any two groups, the SVM model judges to which group the new data belongs based on the hyperplane
obtained from the given data set. Thus, the more the amount of meaningful data, the better the machine
learning ability.

In recent years, many financial experts have focused on machine learning, seeing the possibility of
combining with machine learning and the financial field where vast amounts of financial data exist.
Machine learning techniques have been proved to be powerful in describing the non-stationary and chaotic
stock price dynamics. A lot of researches have been successfully conducted on forecasting of stock prices
using machine learning algorithms. Recently, financial companies have begun to provide Robo-Advisor
service, a compound word of Robot and Advisor, which can perform various financial tasks through
advanced algorithms using rapidly changing huge amount of data. Robo-Adviser's main task is to advise
the investors about the investor's personal investment propensity and to provide the service to manage the

portfolio automatically.
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In this study, we propose a method of forecasting the Korean volatility index, VKOSPI, using the
SVM model, which is one of the machine learning methods, and applying it to real option trading to
increase the trading performance. VKOSPI is a measure of the future volatility of the KOSPI 200 index
based on KOSPI 200 index option prices. VKOSPI is similar to the VIX index, which is based on S&P
500 option price in the United States. The Korea Exchange(KRX) calculates and announce the real-time
VKOSPI index. VKOSPI is the same as the usual volatility and affects the option prices. The direction
of VKOSPI and option prices show positive relation regardless of the option type (call and put options
with various striking prices). If the volatility increases, all of the call and put option premium increases
because the probability of the option's exercise possibility increases. The investor can know the rising value
of the option price with respect to the volatility rising value in real time through Vega, a Black-Scholes's
measurement index of an option's sensitivity to changes in the volatility. Therefore, accurate forecasting
of VKOSPI movements is one of the important factors that can generate profit in option trading.

In this study, we verified through real option data that the accurate forecast of VKOSPI is able to
make a big profit in real option trading. To the best of our knowledge, there have been no studies on the
idea of predicting the direction of VKOSPI based on machine learning and introducing the idea of applying
it to actual option trading.

In this study predicted daily VKOSPI changes through SVM model and then made intraday option
strangle position, which gives profit as option prices reduce, only when VKOSPI is expected to decline
during daytime. We analyzed the results and tested whether it is applicable to real option trading based
on SVM's prediction. The results showed the prediction accuracy of VKOSPI was 57.83% on average, and
the number of position entry times was 43.2 times, which is less than half of the benchmark (100 times).
A small number of trading is an indicator of trading efficiency. In addition, the experiment proved that

the trading performance was significantly higher than the benchmark.

Key Words : Machine Learning, Support Vector Machine, VKOSPI, Option Trading
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