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Abstract. The financial world has changed dramatically in recent decades. Electronic 

data processing, globalisation, and deregulation have changed markets, and the 

biggest part of these major changes includes derivatives. As financial markets 

become more interconnected and global, volatility in these markets may increase 

dramatically in the future. It is natural that the derivatives market is gaining 

attention and popularity among market participants as an alternative to traditional 

investment and speculative instruments. The growing number of technology-

driven applications and innovations in the financial sector encourages the 

inclusion of products relating to automated trading and robotic advice in financial 

decision-making. The aim of this paper is to investigate different option-trading 

strategies and to evaluate the effect of computational intelligence on trading 

success in the derivatives markets. The recurrent neural network (RNN) Keras 

was adopted for forecasting option prices, and the results were compared with 

the forecasting using the evolution of recurrent systems 

with optimal linear output algorithms (EVOLINO) for RNNs. This forecasting 
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tool was investigated as a support system for speculators in the options market. 

The proposed method helps speculators select an appropriate option-trading 

strategy and increases the probability of profit. The values of trading according 

to the information from the tools of computational intelligence proved that the 

proposed method is useful, although trading in options is still very risky. 

Keywords: derivatives, financial engineering, investor, artificial intelligence, deep 

learning, probability, strategy. 

JEL Classification: G0, G1, C6, O16 

1. INTRODUCTION 

Under conditions of globalization and uncertainty, financial markets are playing a very important role. 

The possibility to use qualitative information and make decisions faster than other market participants is 

crucial at today’s financial markets. During the past two decades, financial markets were affected by market 

deregulation, growing trade worldwide, and technological development. Increased market volatility was the 

reason for the growing demand for risk management products and tools. For this reason, the derivatives 

market became a significant part of the financial system. If the derivatives market is functioning well, market 

participants can share risks efficiently, earn profits, and boost economic growth. A well-functioning 

derivatives market is an information channel that reflects equilibrium prices and helps making the right 

decisions (Vo et al., 2018). Methods of estimation for risk-function to identify objective and risk-neutral 

parameters are important determinants in market option trading (Wu et al., 2019; Kotaskova et al., 2020). 

The growth in the number of Internet users inspired the growth of electronic Internet-based trading 

of securities and the growth of digital trading platforms. Digital trading opened new opportunities for 

economic activity of the financial market participants and leading services. The need to decrease and break 

down complex risks into distinct sources inspired the creation of new, non-traditional financial products. 

Increasingly, derivatives are included in the composition of an investment portfolio not only for banks and 

financial institutions but also for individual investors. Knowledge of trading strategies helps investors in 

making successful investment decisions. Despite the knowledge, rapidly changing conditions influence the 

decision-making of investors, so forecasting is significant in all steps of financial management. Forecasting 

can reduce uncertainty or may convert it into the probability of risk, which can be evaluated probabilistically. 

The ability to predict price volatility with greater precision is important for financial markets and for the 

whole economy. The derivatives market is not an exception. In this context, Civelek et al. (2019) and Cepel 

et al. (2019) showed in the case studies of the Czech Republic that potential users with more trust to local 

currencies have more tendencies to demand higher discount rates. The crisis of 2008 showed the importance 

of symmetric and asymmetric contagion shocks between the U.S. financial markets and other international 

markets (Kao et al., 2019). 

A forecasting tool based on the recurrent neural network (RNN) Keras was adopted for predicting 

option prices in this research. The aim of this paper is to investigate different option-trading strategies and 

to value the effect of computational intelligence on trading success at derivatives markets. The results were 

compared with the forecasting results calculated by means of EVOLINO RNN. The proposed method 

helps speculators select an appropriate option-trading strategy and increases the probability of profit. 

The rest of the manuscript is organized as follows. The first section of the article presents the 

introduction. The second section provides literature review. The third section describes the computational 

intelligence tool and the method of selecting option strategies using forecasts from this tool. The results of 
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real-time testing of the proposed method using two different tools are presented in the fourth section. 

Conclusions and the references list complete the article 

2. LITERATURE REVIEW 

The derivatives market differs from other markets, primarily by the definition of the transaction time. 

These deals are not current, so they have not only new opportunities but also additional risks. Vashishtha 

and Kumar (2010) investigated the main applications of financial derivatives: management of risk, efficiency 

in trading, speculation, price discovery, and price stabilization, and they assessed the causes of the rapid 

growth of the Indian derivatives market. Kozarevic et al. (2011) concluded the opposite, stating that in the 

future there would be no need for establishing an organized derivatives market, as a market segment of 

stock exchanges in Bosnia Hercegovina, what would be a key limitation for further financial market 

development. Moments of future prices are important determinants on option markets and non-structural 

approach show potentials in estimating them (Šestanović et al, 2018). GARCH diffusion model proved to 

be valuable in estimating market prices risks according to the study of Wu et al. (2018).  

Currently, the structure of the main derivatives market players is changing rapidly due to increasing 

market availability and globalisation. Hedgers, speculators, and arbitrageurs play a significant role as 

managers of basic and complex financial instruments and have the opportunity to change the landscape of 

the financial industry (Vashishtha & Kumar, 2010). 

Trang(2018) offered a slightly modified point of view: the usage of derivative products depends on the 

motives and perspectives of the users: 

- End users, such as corporations and investment managers, use derivatives for speculation, risk 

management, cost reduction, or regulation avoidance. 

- Market-makers, such as brokers, dealers, or intermediaries, buy from end users that sell at a lower 

price and sell to end users who buy at a higher price. 

- Economic observers, for example, the National Bank, are responsible for regulations and general 

supervision of the market and economic environment. 

Lange (2011) states that there are many active traders in the derivative markets. Corporations, financial 

institutions, farmers, and even national governments and agencies trade in the derivatives markets. The main 

reason of this activity typically is better to manage asset and liability portfolios, hedge financial market risk 

(Mentel et al., 2016, 2017), and minimize costs of capital funding (Lange & Longitude, 2011; Bernal-Ponce, 

Castillo-Ramírez & Venegas-Martínez, 2020). 

In the global interest rate derivatives market, Meyer (2017) investigated the profitability patterns and 

their determinants. Especially high profitability was found in the bank sector. Regarding the determinants 

of the profitability of a trade, there are the counterparty type, market position, and trade currency. Because 

the main traders in the derivatives market are institutional investors, such as banks, primary insurance 

companies and reinsurers, corporate treasurers, hedge funds, and pension funds, the growth of the 

number of individual investors is now noticeable. Digital trading reduces the technical difference between 

institutional and individual investors. Li et al. (2018) investigated the differences between institutional and 

individual investors in the options market. They found that the main factor of profitability is their trading 

skills rather than their informational advantages, but institutional investors have more opportunities to take 

advantage of alternatives and therefore more often change the investment portfolio. 

Despite all the offering advantages, derivatives are highly controversial, and Tan(2010) elaborated that 

derivatives in many cases are underestimated and receive negative sentiment because they are not used 

properly or because market participants do not understand how derivatives work in the markets. It is crucial 

to remember that higher risk does not necessarily bring a higher return, thus before engaging in any activity 
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with derivatives, according to Bellalah(2008), there is a need to examine them because derivatives experience 

quite high risks. 

Market participants with little capital are free to participate in derivatives trading, which leads to an 

increase in volatility and speculation. Derivatives have a leveraged nature, and often, market players do not 

evaluate their position adequately. This situation can lead to bankruptcy. 

All types of investors in the derivatives market are faced with additional credit risk or risk of default of 

a corporation.Duffee and Zhou (2001) and Instefjord (2005) investigated risk management in banks, and 

Froot et al. (1993) and Bedendo and Colla (2015) investigated its use in corporations. Credit risk has inspired 

firms to coordinate investment plans and create hedging strategies and new financial instruments (Neal, 

1996; Batta et al., 2016). New products, such as credit default swaps, cannot prevent event risk. The diversity 

of forecasting and portfolio formation models also creates a model risk for traders. Danielsson et al. (2016) 

explained the methods of the evaluation of model risk for models of forecasting financial instruments and 

market risk. This series of risk transfers among market players creates a particular flow of risk.D’Errico et 

al. (2018) investigated the counterparty risk between sellers, dealers (indirectly connected to each other), and 

risk buyers. 

Researchers have paid attention to the liquidity and heterogeneity of the derivatives market. Thapa et 

al. (2016) stated that the ability to use derivatives can be limited by trading costs and liquidity. Le Grand and 

Ragot (2016) examined the differences in options trading in incomplete and complete markets. Jarrow 

(2018) researched the pricing of derivatives in an incomplete market. The problems of efficiency in the 

finance market with more derivative instruments circulating are also interesting to researchers. DaDalt et 

al. (2002) found that corporations that include derivatives in their investment portfolios decrease the level 

of asymmetric information. Chung et al. (2017) found that active trading by foreign investors tends to 

exacerbate informational variation. Borg (2015) and Godwin et al. (2017) examined the role of financial 

politics in the derivatives market. Harada et al. (2016) found that the regulation of the derivatives markets 

has a relationship with financial crises. Zelenko (2017) explained the primary aspects of the regulation and 

role of the derivatives markets in financial crises. 

Information technologies, digitalisation, and computational intelligence penetrate into all areas of life 

and into many lines of business (e.g. tourism - Štefko et. al., 2020) Financial markets have always been a 

leader in technology applications. The financial data of various instruments are forecasted using artificial 

intelligence on the basis of Long Short-term Memory (LSTM) (Cao ey al. 2019, Bukhari et al. 2020, Livieris 

et al. 2020), Gated Recurrent Unit (GRU) (Wu et al. 2019, Munkhdalai et al. 2020 ), and the comparison of 

the forecasting accuracy of both these instruments with the popular ARMA is presented by Yamak et al. 

2019. The application of computational intelligence in the derivatives market is also interesting for 

researchers. Yao et al. (2000) compared the Black–Scholes model and the neural network model. Wu (2004) 

proposed the application of the fuzzy sets theory to the Black–Scholes formula. King et al. (2005) researched 

the simulation of the derivatives market using an agent system. Moreover, Huang (2008) examined the 

forecasting of online options using a hybrid model based on the Kalman filter and support vector machines. 

Non-linear financial instruments, such as options, must be predicted using non-linear tools, such as those 

in the proposed hybrid model. A high accuracy of forecasting has been achieved in terms of three types of 

options.Yang et al. (2017) proposed a model based on neural networks for option pricing that outperforms 

the existing learning-based and some econometric alternatives. 

Successful trading strategies in the derivatives market include good data mining, accurate forecasting 

tools, robust portfolio selection rules, and insightful investor’s behaviour (if robots do not replace the 

person).Muck (2010) investigated trading strategies based on investment portfolio construction and the 

potential benefit and change of risk from adding derivatives to the market. Chang and Tian (2015) 

investigated option-trading strategies with the Bayesian network with the aim to create strategies for 
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investment decisions. The Bayesian network is constructed from both historical data and the domain 

knowledge of several relevant financial factors. The investment strategies proposed by the authors are 

typically more concerned with market fundamentals, which can ride out the downtrends and short-term 

market fluctuations. Ucar et al. (2015) investigated option-trading strategies used genetic algorithms and 

particle swarm optimisation and obtained good results in comparison to the buy and hold strategy. The bull 

call spread option strategy and bear put spread option strategy performed better than the basic buy and hold 

strategy and other models while keeping the risk at an acceptable level. Blanco and Wehrheim (2017) 

researched how financial derivatives affect managerial investment decisions in the real economy and found 

that firms with greater option-trading activity pursue more creative, diverse, and risky innovation strategies. 

The research was completed by examining the relationship between the equity option markets and the 

standard measures of firm innovation. 

In this research, different option strategies using the Python deep learning library, Keras, were 

investigated in a real-time demo platform. It was compared with data predicted using the EVOLINO RNN. 

3. METHODOLOGICAL APPROACH 

The trading platform used in the current research was developed using the RNN of long short-term 

memory (LSTM) neural cells, where LSTM is the RNN architecture that has input, output, and forget gates. 

Hochreiter and Schmidhuber (1997) presented a detailed description of LSTM working principles (Fig. 1). 

 

 
Figure 1. Long short-term memory (LSTM) 

Source: own evaluation. 

 

Here 𝑖𝑡(𝑀), 𝑓𝑡(𝑀), 𝑜𝑡(𝑀), 𝑔𝑡(𝑀), ℎ𝑡(𝑀) are expressed as follow:  

 

𝑖𝑡 = 𝜎(𝑥𝑡𝑊𝑥𝑖 + ℎ𝑡−1𝑊ℎ𝑖 + 𝑏𝑖)
𝑓𝑡 = 𝜎(𝑥𝑡𝑊𝑥𝑓 + ℎ𝑡−1𝑊ℎ𝑓 + 𝑏𝑓)

𝑜𝑡 = 𝜎(𝑥𝑡𝑊𝑥𝑜 + ℎ𝑡−1𝑊ℎ𝑜 + 𝑏𝑜)
𝑔𝑡 = 𝜎(𝑥𝑡𝑊𝑥𝑔 + ℎ𝑡−1𝑊ℎ𝑔 + 𝑏𝑔)

ℎ𝑡 = 𝑜_𝑎𝑐𝑡(𝑐𝑡),

        (1) 

 

where 𝑥𝑡 is frame t in input sequence, ℎ𝑡is cell output for frame t input sequence, 𝑔𝑡is new cell candidates 

for frame t in input sequence, 𝑐𝑡is cell state for frame t in input sequence, 𝑊∗∗ are weights for appropriate 

input sequence, 𝑏∗ are bias for appropriate input sequence, 𝜎  sigmoid activation function, 𝑡𝑎𝑛ℎ tangent 

hyperbolic activation function, 𝑜𝑎𝑐 linear output activation function. 

The predictive RNN was formed by the appropriate interconnected LSTM cells with input, hidden 

LSTM, dropout, and output layers. The input layer consists of 100 inputs for the daily data of exchange 
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rates, and the same number of additional inputs of gold vs US dollar daily prices, where the additional input 

vector enables a better convergence of the predictive RNN, where LSTM cells was connected by using 

many to one LSTM connection method (Fig. 2).  

The LSTM neural cells were chosen for predicting the neural network in the case of the possibility to 

correct the prediction of the Mackey–Glass recurrent process (Junges and Gallas, 2012). On the other hand, 

the dropout layer randomises the number of connections between layers, and this property was used to 

obtain an output layer without additionally calculating the whole probability density function values of each 

exchange rate prediction. Schmidhuber et al. (2005) proposed the forecasting tool ‘Evolution of recurrent 

systems with Optimal Linear Output’ (EVOLINO), which was adopted to predict exchange rates. 

Maknickienė and Maknickas (2016) and Stankevičienė et al. (2014) investigated the support system for 

investors in the exchange market (Maknickas and Maknickienė, 2019). With the emergence of a new class 

of artificial intelligence algorithms, a predictive RNN implementation using the deep learning library Keras 

interfaced (Chollet et al., 2015) with the TensorFlow (Abadi et al., 2015) neural network framework was 

proposed. Therefore, the optimisation of neural network weights was achieved using Adam, which derives 

from the ‘adaptive moments’ (Kingma and Ba, 2015) deep learning optimisation algorithm, which is part of 

the Keras software and allows the possibility of using the NVIDIA graphics processing unit (GPU) to 

shorten the optimisation time of the developed neural network. In our calculations, we used GeForce GTX 

1080 Ti GPU. 

 
Figure 2. LSTM many to one connection method 

Source: own evaluation. 

 

The results of the prediction are a combination of the distributions of the expected values. This 

prediction provides considerable opportunities for researching option-volatility strategies. We introduced a 

limitation in that the strike switches profit/loss states over the strike price but does not change the 

combination of the statuses. In addition, inaccuracy arises because the option buy/sell decision is not made 

at the close of the market. 

The simplest option strategies are named naked strategies, and they consist of one transaction: a call if 

the prediction shows increasing prices (Fig. 3) and a put if the prediction shows decreasing prices for the 

financial instrument (Fig. 4). 
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Figure 3. Example of the signal for a naked strategy call 

Source: own evaluation. 

 

The probability of success depends on the accuracy of the forecasting tool Keras in our research. Both 

distributions are to the right of the closing value shown by the blue line. To the left of the blue line (Fig. 3) 

is the area of loss and to the right of the blue line is the area of profit when the decision is a call. The 

probabilities of profit and loss are calculated from the plots of the distributions to the left and right of the 

blue line. The profit from a single call option is denoted by Pcall(N+), andloss is denoted by Lcall(N-). The 

previous low and high values use a starting point for determining the direction of the price movement. 

 

 
Figure 4. Example of the signal for the naked strategy put 

Source: own evaluation. 

 

The naked strategy put is the opposite of the naked call, with the profit, Pput, resulting in an N+market 

and the loss, Lput, resulting in an N- market. The decision to choose a put comes from the prediction 

distributions. They are left of the closing value (Fig. 4, blue line). 

These strategies consist of two opposite transactions for the same asset. These are risk management 

strategies that investors can use to guard against the loss of unrealised gains. 
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Figure 5. Example of an insured strategy 

Source: own evaluation. 

 

The first decision is making a prediction by evaluating the position of the distributions in relation to 

the closing value (Fig. 5 blue line), as in the case of the naked strategy. Forecasting by Keras (Fig. 5) allows 

us to use distributions to obtain the opposite signal. The main mode of high-value distributions is using a 

put signal, and for low-value distributions, the main mode is the call signal. The opposite transaction creates 

three different opportunities for the final result: an insured profit left of the blue line (Lcall+Pput), a high profit 

between the blue line and black line created on the point of high distribution (Pcall+Pput), and an insured 

profit to the right of the black line (Pcall+Lput). All these strategies have a result marked of C+. 

Options strategies based on market sentiment reflect the investors’ expectations about the market state: 

bullish, bearish, or neutral (non-directional). The strategy consists of three or more transactions. 

 
Figure 6. Example of a bullish market strategy 

Source: own evaluation. 
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The bullish market strategy is called strip and consists of two call options and one put. The first decision 

is made by evaluating the closing value and the position of the high and low distributions (Fig. 6). The 

signals for the second and third options are determined by the modes of the high and low distributions. The 

opportunities for profit or loss can be described using the following four states: 

 (L1call+L2call+Pput) < 0 (2LP-), 

 (P1call+L2call+Pput) > 0 (2PL+), 

 (P1call+P2call+Pput) > 0 (3P+), and 

 (P1call+P2call+Lput) > 0 (2PL+). 

 
Figure 7. Example of a bearish market strategy 

Source: own evaluation. 

 

The bearish market strategy, called the strap strategy, is opposite the bullish market strategy (Fig.7). 

The final result can be described in the following four states: 

 (P1put+P2put+Lcall) > 0 (2PL+), 

 (P1put+P2put+Pcall) > 0 (3P+), 

 (P1put+L2put+Pcall) > 0 (2PL+), and 

 (L1put+L2put+Pcall) < 0 (2LP-). 
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Figure 8. Example of a neutral strategy collar 

Source: own evaluation. 

 

When the market has no clear direction (Fig. 8), we can use the collar strategy, which consists of three 

signals. The first decision is to choose a call or put option. The second option is determined by the first 

achieved mode of distribution: high distribution – put, low distribution – call, and the next option is the 

opposite of the second option. The final results can be described as follows: 

 (L1call+P2put+L3call)<0 (2LP-), 

 (L1put+P2put+P3call)>0 (2PL+), 

 (P1call+P2put+P3call)>0 (3P+), and 

 (P1call+L2put+P3call)>0 (2PL+). 

The described strategies have more profitable states than loss states. If the forecasting was not right, 

the trading decisions also are determined by the forecasting distributions. 

 
Figure 9. Example of the strategy when the prediction is not right 

Source: own evaluation. 
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An example of the strategy when the prediction is not right is presented in Fig. 9. The first decision 

according to the closing value and the high or low distributions was a call, but the price decreased. Thus, 

the second decision must be a call on the mode of low distribution. If the price again falls, the next decision 

will again be a call. The following four states result: 

 (L1call+L2call+L3call)<0 (3L-), 

 (L1call+L2call+P3call)<0 (2LP-), 

 (L1call+P2call+P3call)>0 (2PL+), and 

 (P1call+P2call+P3call)>0 (3P). 

An opposite example of the strategy when the prediction is not right is shown in Fig. 10. 

 
Figure 10. Example of a strategy when the prediction is not right (opposite) 

Source: own evaluation. 

 

The following are the states of the result: 

 (P1put+P2put+P3put)>0 (3P+), 

 (L1put+P2put+P3put)>0 (2PL+), 

 (L1put+L2put+P3put)<0 (2LP-), and 

 (L1put+L2put+L3put)<0 (3L-). 

Other decisions (put, put, and call) give less probability of profit. 

The success of the option-trading strategies depends on the accuracy of the forecasting tool. A good 

prediction tool creates a high value. The second problem is the trader’s behaviour; overconfidence, low 

confidence, loss aversion, anchoring, and other biases can be reduced by creating trading robots. 

4. EMPIRICAL RESULTS AND DISCUSSION 

The testing of the strategies conducted on a real-time platform using two different accounts: 

- Predictions of eight exchange rates were made using the EVOLINO RNN (evolize.com) in London 

time.The calculation time for one exchange rate high and low data is 45 minutes. Immediately after 

obtaining the predictions, the first transaction is made with each exchange rate (call or put). 

Subsequent transactions are made depending on the situation. 
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- Predictions of 10 exchange rates were made using Keras. The calculation time for one exchange 

rate high and low data is 3 minutes. The option market decisions are made in the same way. 

All options have an equal investment amount and some maturity time at the end of the trading day. 

Table 1 presents the daily trading decisions and daily results when the prediction was made using 

EVOLINO. Over the nine days, there were 32 (44%) losses and 40 (56%) profits. 

Table 1 

Trading strategies when predictions were made using evolize.com. 

Exchange rate\trading days 1 2 3 4 5 6 7 8 9 

EUR/USD 2LP- C+ C+ 3P+ C+ C+ C+ 3L- 2LP- 

GBP/USD N- N+ N- N- N- N+ 3L- N- N- 

USD/CHF 2LP- C+ 2Pl+ 2PL+ N- C+ 2LP- 3L- N- 

USD/JPY C+ N+ 3P+ N+ 2PL+ N+ C+ 2LP- 2PL+ 

USD/CAD 2LP- N- C+ C+ N+ 2PL+ N+ 2PL+ N- 

EUR/JPY N+ N+ N- N- N+ 3L- N+ N+ N- 

AUD/USD 2LP- C+ N+ C+ 2LP- N+ 2PL+ N+ 2LP- 

EUR/GBP 2LP- 2LP- N+ N+ N- 2LP- N- N+ N- 

 

Table 2 presents the daily trading decisions and results when predictions were made using Keras. 

Within 10 days, there were 28% losses and 72% profitable transactions. 

 

Table 2 

Trading strategies when predictions were made using Keras 

Exchange rate\trading days 1 2 3 4 5 6 7 8 9 10 

EUR/USD 2PL+ N+ N+ 2LP- C+ 3L- C+ 2LP- 2LP- N+ 

USD/JPY C+ N+ 2PL+ 2LP- 2PL+ 2PL+ C+ N+ N- N- 

GBP/USD N+ C+ 2PL+ N+ N+ 2LP- 2PL+ 3L- N+ N+ 

GBP/AUD 2LP- N+ 2LP- C+ N+ 2LP- N+ N+ N+ N- 

EUR/JPY N+   3P+ N+ N+ N+ N+ 2LP- N+ N+ 

USD/CHF N+ 2PL+ 2PL+ N+ N+ 2LP- N+ N+ N+ N+ 

NZD/CAD 2LP- 2LP- N+ 2LP- N+ N+ N+ 2LP- N+ N- 

EUR/GBP N+ N+ N+ N+ N- 2LP- C+ N+ N- N+ 

USD/CAD C+ C+ 2LP- N+ N+ C+ 2PL+ 2LP- N+ N+ 

AUD/USD 2LP- N+ 3L- 2PL+ N+ N+ 2PL+ 2LP- N+ N+ 
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Figure 11 presents the comparison of the distributions of the strategies when using different prediction 

tools based on artificial intelligence. A very big difference exists between the profitable and unprofitable 

naked strategies: predictions of Keras are more to the right. The covered strategies were more often used 

when the predictions were made using EVOLINO. Big losses (3L- and 2LP-) were more often a result than 

big profits (3P+ and 2PL+) in both accounts. 

 

a) 

 

b) 

 

Figure 11. Distributions of strategies: prediction based on a) evolize.com and b) Keras 

Source: own evaluation. 

 

The valuation of the method of option-trading strategies based on artificial intelligence predictions is 

presented in Table 3. The comparison of two different prediction tools, both of which have prediction 

based on distribution, shows that the method can be used in speculation of options. Both tools result in 

profit (11% to 13% profitability), and the number of strategies with profit is more than the number of 

losses. The Sharpe ratio is not high because the risk of daily trading of an options portfolio is very large. 

The risk-free rate was selected as the daily treasury yield curve rate during the trading period. 
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Table 3 

Valuation of option-trading strategy methods based on artificial intelligence prediction 
 

  Evolize Keras 

Number of trades 72 99 

Number of exchange rates 8 10 

Total profit (euros) 2237 2630 

Profitability % 11.185 13.15 

% of losses 44 28 

% of profits 56 72 

max profit 1830 2390 

max lost -3000 -4000 

St. dev. 3134.25 4919.98 

r 1.27 1.27 

Sharpe ratio 0.713322 0.534297 

 

Artificial intelligence prediction tools are very useful in the very risky option-trading process. Keras 

computation time is significantly faster than evolize, making it superior to option speculation and can be 

used for higher frequency speculation.The additional information about forecasted high and low values of 

exchange rates leads to using all known option strategies with new application possibilities and profitability. 

5. CONCLUSION 

Trading or speculation in the options market is very risky. For successful trading, good skills and 

selection strategies are needed. Artificial intelligence-based predictions can be useful, such as a support 

system for the investor. Our article proposed a new method for profitable trading in the options market. 

The article compared trading using two different tools: evolize.com and the Python deep learning library 

Keras. Both tools’ predictions are a composition of two distributions based on high and low data. Prediction 

using these tools was integrated into well-known option strategies: naked and covered strategies and 

strategies based on market sentiments or on a market without a clear direction. A separate case described 

the trading rules if the prediction is wrong. Trading in real time using 8 to 10 exchange rates every day shows 

that the proposed method generates profit, at about 11% to 13% profitability, and the number of strategies 

with profit is more than number of strategies with losses. The Sharpe ratio reached 0.53 to 0.72, although 

trading in options is very risky (the standard deviation is 3134 to 4920). 

The main limitation of the investigation is the very short time of trading in real time because of the 

European Securities and Markets Authority prohibition on binary options. The investigation was started 

before this limitation, and there was no doubt about the changes in trading conditions in the future. The 

proposed method is useful for simple options, too, but in a more difficult way. The number of transactions 

is sufficient for the reliable evaluation of the investigation. The limitations can include the behaviour of 

investors because the process of selection of the trading strategy is not automatic. 
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