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Abstract: Among the plethora of financial management tools available, stock investments stand out
as the most recognizable and widely accepted option. However, investors often make buying and
selling decisions based on unverified information provided by stock analysts. Since the credibility
of this information remains uncertain, it frequently results in investment losses. Ordinary investors
that rely solely on rumors often miss out on prime opportunities for buying and selling stocks.In
the current volatile investment landscape, various investment strategies cater to different situations.
If individuals can effectively identify the opportunities within this complex environment and
dynamically develop suitable investment strategies at any given time, substantial returns can be
achieved. The ability of investors to promptly detect shifts in the current stock market environment
and make accurate decisions regarding stock selection, timing, and capital allocation strategies is of
utmost importance.This study presents a dynamic framework for investments, which utilizes
evolutionary strategies to determine the optimal timing for key strategic tools, such as stock
selection, timing, and capital allocation. By leveraging historical data for training and testing, this
approach aims to assist investors in adapting to the ever-changing stock market environment. If the
investors can successfully identify and implement an appropriate investment strategy to aid in
making accurate decisions, it is possible to achieve significant excess returns.

Keywords: selection; timing; capital allocation; evolutionary strategies; dynamic decision making;
optimization

1. Introduction

In recent years, fixed deposit interest rates have been steadily declining, while individuals earn
low wages and face inflation. Consequently, the personal pursuit of increased wealth has gained
significant importance. Investing in stocks presents a potential solution as it offers investors the
opportunity to not only gain profits from stock price fluctuations, but also participate in the annual
distribution of company dividends. However, it is essential to acknowledge the inherent risks
associated with stock investments. Oftentimes, investors make decisions based on rumors and
hearsay, resulting in repeated losses.

Common stock investment analysis typically involves fundamental and technical analyses.
Fundamental analysis helps investors gain insights into a company's financial health and evaluate its
profit stability. The simplest approach to devising a stock selection strategy involves utilizing
financial analysis to assess a company's historical performance and estimate its true value. However,
comprehending financial indicators can be challenging for ordinary investors. Furthermore, to
determine whether an industry is declining or if a specific company's competitiveness is diminishing,
individuals often rely on newspapers, magazines, or other media outlets. This reliance on traditional
sources can potentially result in missed investment opportunities.

Technical analysis relies on analyzing historical stock market data to predict the future price
movements, aiding in determining optimal investment timing. It involves the use of various
indicators to assess the buying and selling points for stocks. However, despite its popularity,
technical analysis does come with its challenges. One common issue is that investors often
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simultaneously employ multiple technical indicators, leading to conflicting signals and perplexing
investors. This complexity can make it challenging to make informed decisions with confidence.

It is true that many existing studies often focus on the individual aspects of investment analysis,
such as stock selection, timing, or capital allocation, rather than considering all three components
together. This paper aims to address this gap by compiling various common investment analysis
tools, which can be utilized by investors to adapt their strategies based on changes in the investment
environment. The stock selection strategy incorporates fundamental analysis indicators used by
Warren Buffett and stock selection indicators employed by Peter Woods. These indicators can help
investors assess the financial health and value of a company before making investment decisions.

For timing strategy, this paper suggests using the Ohlson model, Intertemporal Capital Asset
Pricing Model (ICAPM), and arbitrage pricing theory (APT) as reference tools. These models can aid
in understanding the optimal timing of buying or selling stocks. In terms of capital allocation strategy,
the paper proposes the use of the Kelly formula and the optimal F. By integrating these evolutionary
strategies, investors can create a comprehensive investment strategy that accounts for risk
management and potential returns. By considering all three aspects—stock selection, timing, and
capital allocation—in a holistic manner, investors can enhance their decision-making process and
potentially achieve better investment outcomes.

In a highly unpredictable investment environment, where different situations require different
investment analysis tools, the ability to adapt and dynamically generate new investment strategies
becomes crucial in obtaining a high-risk premium. If investors can effectively utilize various tools to
assess the dynamic investment environment and accurately judge the appropriate stock selection,
timing, and capital allocation strategies, they have the potential to achieve desirable excess returns.
The key lies in promptly integrating diverse investment environment detection tools and making
informed decisions based on the specific circumstances at hand. By doing so, investors can capitalize
on market opportunities and optimize their investment outcomes.

The aim of this study is to propose a framework for recommending a dynamic investment
strategy. Initially, evolutionary strategies are employed to determine the optimal utilization of
different investment strategies using historical data. Subsequently, when the investors intend to
invest in the stock market, they can assess the current investment environment and identify suitable
strategies for stock selection, timing, and capital allocation based on specific market conditions. By
doing so, this framework assists investors in making accurate investment decisions, thus facilitating
the attainment of a favorable risk premium.

2. Literature Review

A successful investment necessitates a well-crafted strategy to achieve desirable returns. In stock
investment, the strategies encompass stock selection, timing, and capital allocation. The following
discussion will delve into the current and recent research trends of these strategies based on the
existing literature.

In the field of stock selection strategy, researchers have explored various approaches to identify
high-quality stocks with promising prospects. Chiu et al. (2010) introduced a stock selection model
that utilized a genetic algorithm to optimize vector regression. They incorporated technical indicators
into the regression and employed a grouping method to identify the stocks with high returns. Their
experimental results showcased the superiority of medium- and long-term technical indicators over
short-term ones.

Similarly, James et al. (2014) tested seven different stock selection models through trading
experiments. Each model employed an index for screening stocks and selected 15 companies with the
highest investment potential and profitability. This allowed them to create a portfolio of stocks with
good prospects for investors.

Yodmun (2016) proposed a stock selection method that involved grouping and screening stocks.
Through fuzzy quantitative analysis, they sorted the obtained investment weights and utilized a
fuzzy hierarchical analysis method to further rank them based on these weights. The final investment
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weight facilitated the selection of appropriate stocks and the formation of a well-suited investment
portfolio.

These studies highlight the diverse approaches employed in stock selection strategies, ranging
from genetic algorithms and technical indicators to fuzzy quantitative analysis. By incorporating
these methods, investors can make informed decisions to maximize returns and construct a portfolio
aligned with their investment objectives.

Most of the literature on stock investment timing strategies relies on using technical indicators
to evaluate the stock's trend. The presence of a golden cross signifies a stock's low point, indicating
an optimal time to buy. Conversely, a death cross indicates a high point in the stock's price,
suggesting that it should be sold for a profit. Chien et al. (2010) introduced a genetic algorithm that
grouped related technical indicators and identified trading signals for buying and selling in the stock
market. Yilan (2011) employed a genetic algorithm and support vector regression model to predict
stocks, yielding favorable results when compared to the backpropagation neural network
predictions. Zakamulin (2014) conducted experiments to assess the real-world performance of simple
moving average and time series momentum rules. The results indicated that the previous studies
overestimated the performance of these timing strategies, highlighting their limited applicability to
all the financial markets. Sahin et al. (2014) optimized the Relative Strength Index (RSI) parameters
using a genetic algorithm, revealing its effective performance in stable market trends. Ma et al. (2015)
proposed a timing strategy based on nine technical analyses related to the capacity utilization and
unemployment rates, which demonstrated a good performance when applied to S&P500. Ahmad
(2017) evaluated the performance of moving averages in the stock market and compared it to those
of the buy and hold strategies. The research revealed that the moving average strategy yielded
significantly better average rates of return than the buy and hold approach did.

The capital allocation strategy involves allocating funds based on investment targets and risk
ratios. This approach aims to enhance portfolio returns, while simultaneously reducing the risks.
Chen et al. (2011) introduced an approach utilizing an associative genetic algorithm and guided
mutation to efficiently optimize portfolio allocation. Kocak (2014) applied cooperative game theory
to determine the weight of each stock in the portfolio. Through the group analysis of the transaction
risk, the five best stocks were selected, and the optimal investment portfolio was constructed based
on the investment ratio of each group. Madhogarhia (2015) explored dynamic asset allocation across
different periods and asset classes. They employed mean reversion and relative valuation methods
to allocate funds to each asset class, aiming to achieve high returns.

There are many related studies that continuously propose effective strategies for stock selection,
timing, and capital allocation. Each strategy can only be used at suitable times. This study aims to
determine the appropriate timing for common investment strategies and assist investors in
understanding which strategies to employ in the current investment environment to achieve excess
returns. The stock selection strategy in this thesis utilizes the stock selection indicators of Warren
Buffett and Peter Lynch as the foundation for screening the investment targets. The timing strategy
does not rely on the technical indicators that most people use to predict stock movements, but instead,
it utilizes the Ohlson model, Intertemporal Capital Asset Pricing Model (ICAPM), and arbitrage
pricing theory (APT) as the basis for buying and selling decisions. Capital allocation takes into
consideration the Kelly formula and the optimal F. Furthermore, evolutionary strategies are
employed to determine the optimal capital allocation ratio.

Stock Selection Strategy

Choosing good investment targets can result in good returns. Buffett's stock selection rules
provide a way to find companies with stable operations that people can invest in. Buffett does not
care about the rise and fall of stock prices, but pays attention to the company's financial performance.
Investors can determine the true value of a company by observing all the factors that affect finance
and profitability, such as financial statements, profitability, and the corporate organizational
structure. Buffett also believes that as long as the company's earnings continue to grow, it is only a
matter of time before the stock price rises sharply.
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Buffett believes that investors should adopt a long-term approach to investment. They should
carefully observe and analyze and concentrate their funds on high-quality stocks. Once the business
operation becomes profitable, the company can retain the surplus and reinvest it. This approach aims
to achieve a higher-than-average return on shareholders' equity. Weigand et al. (2007) used the P/E
ratio proposed by Buffett to predict future stock price returns. The results showed that the P/E ratio
is a good predictor of long-term stock price returns.

In the fund management process, Peter Lynch achieved an average annual rate of return of 29%.
Ye (2013) utilized seven stock selection rules to screen stocks, establishing a portfolio of the selected
stocks. The results showed that using Peter Woods' stock picking method yielded returns five times
higher than the market returns during the study period. Kartikasari (2016) employed two stock
selection criteria to screen individual stocks. The research results indicated that the rate of return
using Peter Woods' stock selection criteria was positive throughout the study period. As a result,
investors are advised to employ the Peter Woods criteria for selecting good stocks.

Timing Strategy

Investors often seek to buy stocks at low prices and sell them at high prices, timing the market
to maximize their returns. This research utilizes the Ohlson model, Intertemporal Capital Asset
Pricing Model (ICAPM), and arbitrage pricing theory (APT) in order to predict whether the stock
prices will rise or fall, which represents a timing strategy.

The Ohlson stock price evaluation model proposed by Ohlson in 1995 is based on three
fundamental assumptions: the present value of expected dividends (PVED), the clean surplus
relation (CSR), and the linear information dynamic (LID). From these assumptions, the Ohlson model
derives a formula for stock price evaluation. The Ohlson model provides a framework for evaluating
stock prices. It takes into account the expected dividends, book value changes, and the relationship
between the book and market values to estimate the intrinsic value of a stock.

P, = bv, + ayxi + a,v;

In which @; = w/(Rf — ) =2 0; ay =R¢/(Ry —w)(Ry —y) >0

The company's stock price can be calculated based on the current book value, abnormal
earnings, and other information, as evident from the formula.

Bernard (1995) believed that the Ohlson Model can establish a relationship between the
accounting information and company value. Additionally, this paper emphasizes the importance of
companies not only focusing on stock price behavior, but also paying attention to fundamental
analysis. In a study conducted by Lee et al. (2011), the impact of corporate governance variables on
the value of Taiwan companies in the Ohlson model was tested. The results confirmed that apart
from book value and residual income, variables such as the directors and supervisors' shareholdings,
major shareholders' shareholdings, and critical control level also contribute to explaining the market
value. This suggests a significant relationship between corporate governance and the value. Chang
et al. (2013) incorporated corporate governance variables into the Ohlson evaluation model to predict
stock prices. The study combined neural networks and evolutionary strategies to predict stock prices,
leveraging the prediction ability of neural networks and the optimization ability of evolutionary
strategies. The results demonstrated that this approach yielded favorable stock price prediction
capabilities. Furthermore, Kuo (2017) enhanced the residual income valuation model in the Ohlson
model by adding industry- and company-specific factors. The study utilized data from Taiwan's stock
market and concluded that this approach improved the predictive power of the residual income
valuation models.

The Intertemporal Capital Asset Pricing Model (ICAPM) was proposed by Merton in 1973 as an
extension of the Capital Asset Pricing Model (CAPM). While the CAPM considers only a single
variable, which may be insufficient to fully explain expected excess returns, the ICAPM incorporates
intertemporal and relevant state variables with the model. By adding intertemporal and state
variables, the ICAPM aims to capture the investors' considerations of the future market returns when
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making investment decisions. This extended framework allows for a more comprehensive
understanding of the factors that influence asset pricing and the expected returns.

Docherty et al. (2013) conducted a study where they classified several economic variables as
state variables in the Intertemporal Capital Asset Pricing Model (ICAPM). These variables included
expected inflation, unexpected inflation, the industrial production indices, changes in the term
structure, the dividend yields, the risk-free interest rates, market volatility, and the term spreads.
Their findings suggest that these variables can contribute to explaining the expected returns of assets
within the ICAPM framework. In another study by Huang et al. (2014), the variables in the ICAPM
were expanded to include seven factors. These factors consisted of the dividend rate, risk-free rate,
default spread, period spread, market liquidity index, average volatility, and wealth ratio. Through
experimentation, they observed that the expected returns of stocks could be influenced by variables
such as the dividend yield, default spread, and period spread. Campbell (2018) proposed an ICAPM
variant that incorporated stochastic volatility. The variables in this model included the logarithm of
the actual return rate, the expected market difference, the logarithm of the S&P500 price return, the
three-month treasury bill yield, and the default spread. The test results indicated a high correlation
between the default spread and future volatility. These studies highlight the potential significance of
different variables within the ICAPM framework and demonstrate the importance of considering a
range of factors beyond a single variable in the asset pricing models.

The arbitrage pricing model (APT) was introduced in 1976 as a framework that extends the
traditional Capital Asset Pricing Model (CAPM) by considering multiple risk factors. The APT
suggests that asset returns can be explained by a linear combination of various risk factors, not just
market risk. Ouysse et al. (2010) examined the role of 21 economic variables in securities pricing. They
observed that four economic risk variables, namely non-economic inflation, expected inflation,
unemployment, and changes in the industrial index, had an impact on market pricing. This highlights
the significance of considering a range of risk factors beyond market risk in asset pricing. Verma
(2015) investigated the application of the APT to the stock market, specifically testing the effects of
variables, such as the gold price, oil price, exchange rate, and money supply, on the stock price index.
Through regression analysis, they found that all the factors, except for the interest rate variables,
influenced the stock price index. This suggests that these variables play a role in explaining stock
market movements according to the APT framework. Baek et al. (2015) explored the three-factor
model within the APT framework and identified the existence value and risk premium of the
financial industry as important variables through asset pricing tests. This indicates that industry-
specific factors can significantly impact asset pricing, highlighting the need for considering industry-
related variables in asset pricing models. Menacer et al. (2018) examined the relationship between the
stocks and overall economic variables, including the money supply, interest rates, inflation rates, and
foreign exchange rates. Their empirical results demonstrated that these overall economic variables
had a significant impact on stock returns. This underscores the importance of monitoring
macroeconomic factors when analyzing stock market performance. Mahapatra (2018) and colleagues
conducted research on the impact of exchange rate fluctuations on the stock market. They found that
exchange rate risk factors had a notable influence on stock market prices, particularly after 2008. This
study highlights the connection between exchange rate movements and stock market returns.
Overall, these studies contribute to our understanding of the APT framework by exploring the role
of various risk factors and economic variables in asset pricing.

Capital Allocation Strategy

The Kelly formula, also known as the Kelly Criterion, was proposed in 1956. The Kelly Criterion
suggests that when a gambler participates in a game over an extended period, they should strive to
maximize the geometric average rate of return. The Kelly formula was initially employed in
gambling, as it allows the maximization of the expected growth rate of funds in many scenarios.

The optimal F was proposed by Vince (2009, 2011), which utilizes the concept of the Kelly
formula. However, it does not impose limitations on fixed probabilities and odds. Hermes (2017)
examined the influence of optimizing the F value on money management in trading problems,


https://doi.org/10.20944/preprints202311.1994.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 November 2023 doi:10.20944/preprints202311.1994.v1

considering multiple investment strategies. The research conducted by Hermes confirms that the F
value can discover the optimal value for the optimization problem, while also highlighting the
validity and uniqueness of the F value.

Artificial Neural Network and Evolution Strategies

Artificial neural networks (ANN) are learning systems inspired by human brain neural
networks. Among these networks, the most representative and widely used one is the
Backpropagation Network (BPN), which belongs to the supervised network learning mode. Niaki et
al. (2013) employed an ANN to predict the daily index trend of the S&P500 index. The experimental
results demonstrated a significant enhancement in predictive ability when using the ANN,
surpassing that of the statistical logit model. Charumathi et al. (2014) utilized the predictive power
of neural networks to enhance the Ohlson model. Their research findings exhibited the high level of
accuracy of the Ohlson model. Moghaddam et al. (2016) investigated the predictive power of neural
networks in forecasting the Nasdaq daily stock index. The results showed that neural networks
performed exceptionally well in predicting stock indexes. In a study conducted by Qiu et al. (2016),
a genetic algorithm was utilized to adjust the weights and biases of the neural network model, with
the aim to improve the prediction accuracy. The experiments focused on predicting the daily stock
market index's change in direction, and the results indicated that the neural model enhanced by the
genetic algorithm achieved more accurate predictions.

Evolutionary strategies (ES) were proposed by Ingo Rechenberg and Hans-Paul Schwefel in the
1960s to optimize the parameters of fluid dynamics models. Let i represent the population size of the
parent generation and A represent the population size of the offspring. There are two ways to select
the chromosomes: (4, A) and (u+A). In the (i, A) strategy, the u best chromosomes are selected from A
offspring as the parents of the next generation. In (u+A) strategy, the best y individuals are selected
from the u parents and the A offspring to be the parents of the next generation. Repoussis et al. (2010)
proposed evolutionary strategies to solve the open vehicle routing problem. Previous experiments
show that this research is more efficient and accurate than the other methods are in finding the best
solution when dealing with large amounts of data using evolutionary strategies. Bonde (2012) used
genetic algorithms and evolutionary strategies to predict whether the stock prices of eight companies
would rise or fall the next day. In the experiment, the (i, A) strategy was employed. The conclusion
was that both the genetic algorithm and the evolutionary strategies showed good accuracy. Beyer et
al. (2014) proposed an evolutionary strategy scenario tree with multiple objectives to solve the non-
linear problem resulting from non-linear risk value transactions. The study found that incorporating
risk in the evolutionary tree node can lead to the best investment strategy in terms of investment
weight.

3. Research Structure

This study proposes a framework for a dynamic investment strategy. It utilizes historical data
from the stock market to determine the optimal time to employ different strategic tools, with the
assistance of evolutionary strategies. This framework aims to address the scope of applying the
variables associated with various tools. Additionally, it detects the current environment of the stock
market to determine the appropriate tools for stock selection, timing, and capital allocation, thereby
forming a comprehensive investment strategy. The research architecture is illustrated in Figure 3-1.
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Figure 3-1. Research framework.

Firstly, the system identifies the current stock market environment in order to determine
whether to use either Buffett or Peter Woods' stock selection indicators for screening potential
investment targets. It then selects the most suitable strategy using three timing tools: the Ohlson
model, ICAPM, and APT, to determine the optimal timing for buying and selling stocks. Regarding
fund allocation, it chooses the strategy that best aligns with the current investment environment,
selecting either the Kelly formula or the optimal F. Finally, based on the chosen stock selection,
timing, and capital allocation strategies, evolutionary strategies are employed to determine the
optimal investment ratio for achieving high returns. The goal is to discover the stock selection, timing,
and capital allocation strategies that are most compatible with the current investment environment
among the alternative strategies, thus creating a comprehensive dynamic investment model. To
validate the model's effectiveness, real investments are made in the stock market, and the
experiments are conducted.

In this research experiment, the investment target is to select one of the major stocks that each
represent a class. The selection criterion is based on the stock with the highest trading price multiplied
by its trading volume. Therefore, the experiment focuses on identifying the top-ranking stock from
each class as the investment target.

2009 2010 2011 \20!7 2018 \
Decision Decision

S+T+Cy

Figure 3-2. Learning, detection, and decision processes.

Figure 3-2 illustrates the process of learning, detecting, and deciding. The first step involves
training, testing, and verifying the historical data of the stock market from the last few years.
Evolutionary strategies are utilized to determine the optimal timing for various stock selection,
timing, and capital allocation strategies by employing continuous reorganization, sorting, and
selection operations. Subsequently, the detection of the environmental conditions takes place in order
to identify the suitable strategy for investment in the current environment. The experimentation
process utilizes the sliding window method, wherein the optimal range of variables is trained using
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historical data for each investment date. Consequently, the range of variables on the investment day
is detected to identify the appropriate investment tools.

3.1. Stock selection strategy

In this study, the stock screening process involves the utilization of Buffett and Peter Lynch’s
indicators. These indicators draw upon significant information, such as the company's stock price
and financial reports. Buffett's stock selection criteria encompass multiple variables, including the
return on net worth (ROE), price-to-earnings ratio, shareholding ratio of the directors and
supervisors, share-price-to-book-value ratio, earnings per share, share-price-to-revenue ratio, and
cash dividend rate. On the other hand, Peter Lynch’s stock selection criteria rely on variables, like the
price-to-earnings ratio, revenue growth rate, pre-tax net profit growth rate, and debt ratio. To find
the optimal ranges for these strategy variables, evolutionary strategies are employed, leveraging the
historical data.

To encode the variables of the stock selection strategy using the chromosome, the approach
shown in Figure 3-3 is followed. Real number encoding is employed, which includes the central value
ai and the range value j of each variable. Initially, the chromosome is randomly generated to form
the initial population. Once the initial chromosomes are created, the population undergoes
continuous recombination, replication, and screening based on fitness evaluation. Through this
iterative process, the population evolves over time, striving to achieve the best solution.

ROE PER

a;: central value;  §;: range value.

Figure 3-3. Chromosome coding stock selection.

The range of variation for each chromosome is determined by subtracting the range value from
the center value and adding the range value to the center value. For instance, taking ROE as an
example, the variable range can be expressed as a; — §; <ROE< a; + §,. Similarly, each variable's
range is determined in a similar manner. In the case of evolutionary strategies, it is necessary to set
the parameters. With a total of 11 dependent variables, the overall length of the chromosomes is 22
(calculated as 11 multiplied by 2). The population size is set as 50, while the evolutionary strategy
adopted is (1, 7), resulting in a total of 350 offspring. The termination condition for the evolution
process is met when there is no improvement in fitness value after 1000 consecutive generations.

3.2. Timing Strategy

This research incorporates three models, namely the Ohlson model, ICAPM, and APT, as timing
strategies to determine buying and selling decisions. The Ohlson model is examined with respect to
experimental variables that can be further categorized into three main parts, totaling seven variables.
The first part pertains to the Ohlson equity evaluation model, the second part relates to the equity
structure of corporate governance, and the final part concerns the composition of the board of
directors within the corporate governance framework. These variables include the book value,
abnormal earnings, shareholding ratio of the directors and supervisors, shareholding ratio of the
major shareholders, shareholding of the necessary companies, board size, and the proportion of
outside directors.

In the context of the ICAPM, the experimental variables considered encompass the Taiwan
option volatility index, period spread, funding liquidity risk spread, and dividend yield. These
variables play a role in assessing the relationship between the risk and expected returns. On the other
hand, for the APT analysis, this research employs a multi-factor model to investigate how various
variables affect the stock prices. The experimental variables utilized in this study include the money
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supply, interest rate, inflation rate, foreign exchange rate, unemployment rate, and the industrial
index. These variables are utilized to identify and analyze the different factors that can impact the
stock prices.

In the Ohlson model strategy, evolutionary strategies are employed to determine the optimal
range of strategy variables using the historical stock market data. This involves encoding the timing
strategy variables into chromosomes using real number encoding. Each chromosome consists of the
central value aiand the range value 0j of the variable. The initial population is generated by randomly
creating chromosomes. To evolve towards the optimal solution, a series of steps, including
recombination, replication, and selection based on fitness value evaluation, are carried out. The range
of each chromosome is determined as the central value minus the range value and the central value
plus the range value. This range represents the allowable variation in each variable within the
chromosome. For example, considering the VIX (Volatility Index) as shown in Figure 3-4, the variable
range is defined as ag — 83 <VIX< ag + 8. Similarly, the range for each variable is determined in a
similar manner.

Ohlson. | Ohlson -ab- ICAPM— | ICAPM— APT—
book value normal sur- Taiwan re- Period currency sup-
) plus fers to VIX Spreads ply
aq 51 a, 52 .......... dg 68 g 69 .......... aqz 612 ..........

a; : central value: §;

j * range value.

Figure 3-4. Chromosome encoding timing.

In this approach, the predictive ability of the BPN is utilized. The historical data of the three
timing strategies are divided into training, verification, and testing sets. The daily variables of the
investment day serve as inputs to the trained neural network, which then predicts the stock price for
that day. By comparing this predicted price with the stock price of the previous day, a trading signal
is determined. Since the total number of dependent variables is 17, each chromosome has a length of
34 (=17*2). The population size is set to 50 individuals. The evolution strategy used is (1, 7), meaning
that for each parent, seven offspring are generated. Thus, a total of 350 offspring are created in each
generation. The termination condition for the evolutionary process is set, as the fitness value remains
unchanged for 1000 consecutive generations.

Capital Allocation Strategy

In this study, the historical data of each variable in the capital allocation strategy are used to
calculate the investment ratio using two different formulas. These formulas take into account the
historical rate of return and other relevant factors to determine the allocation of capital. The next step
involves calculating the expected rate of return using the investment ratios obtained from the two
strategies. This allows a comparison of the potential returns provided by each strategy. To further
analyze and test the strategies, a capital allocation strategy with a higher expected rate of return is
selected. However, it is important to note that the Kelly formula has a characteristic that suggests that
one should not bet when the calculated expected value is less than zero. Therefore, if the investment
ratio calculated by the Kelly formula is less than zero, the experiment utilizes the ratio of the optimal
F for testing purposes instead. By taking these steps and comparing the expected returns, the study
aims to identify the capital allocation strategy with the highest potential for favorable outcomes.
Kelly formula

f*: the proportion of funds that should be invested next time.
b: betting odds; p: winrate; gq:
Optimized F value

loss rate.
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P

HPRn:1—f*WCS

TWR = HPR, * HPR, * ... HPR,
P, =Profit from the N-th transaction
HPR,, =The income appreciation rate of the N-th transaction capital
WCS =maximum loss
TWR = The rate of appreciation of final capital compared to initial capital after all trades

f =proportional risk per trade

The Best Investment Strategy

After determining the investment targets selected using the stock selection strategy and
evaluating the buying and selling signals of the timing strategy, this study utilizes the evolutionary
strategy to optimize the allocation of the capital ratio for the cash reserve and eight stocks.

Xo X1 Xz X3 Xa Xs Xe X7 Xs
cash Ist class | 2nd class | 3rd class | 4th class | 5thclass | 6th class | 7th class | 8th class
reserve of shares | of shares | of shares | of shares | of shares | of shares | of shares | of shares

Figure 3-5. Optimal investment strategies chromosomal coding.

As depicted in Figure 3-5, Xo represents the allocation of funds to the cash reserve, while X1
represents the proportion of funds invested in the first class of shares. Similarly, X2 denotes the
proportion of funds invested in the second class of shares, and so forth, for the remaining classes of
shares. To encode the chromosomes, real numbers are utilized, dividing the funds into 100 equal
parts, with each part representing 1%. For instance, if X5 accounts for six equal parts, it indicates that
the fifth class of shares will receive an investment of 6% of the total funds.

The evaluation process in this study encompasses strategies, such as stock selection, timing, and
capital allocation for evolution. In each generation, excellent chromosomes are chosen using this
evaluation method to ultimately find the optimal solution. Stock selection involves identifying
investment targets through the most suitable stock selection strategy. It aims to increase the capital
allocation ratio for the selected stocks, while reducing the capital investment ratio for stocks not
selected using the stock selection strategy. Timing is determined by identifying the most suitable
timing strategy. After the BPN learning process, a buying and selling signal is generated. This signal
assists in making decisions regarding when to buy or sell stocks. Capital allocation involves selecting
the appropriate allocation strategy. For instance, if the Kelly strategy is determined to be the best
approach, the calculated Kelly value ratio is used to determine the fitness value of each chromosome
in the evolution process.

Once the total return on investment has been evaluated, the fitness value of each chromosome
is calculated after normalization. This fitness value represents the chromosome's performance in
terms of investment returns. The chromosomes evolve from generation to generation based on
survival of the fittest, where those with higher fitness values have a higher chance of being selected
for the next generation. In the evolution process, the parameter settings include a chromosome length
of nine and a total of 50 chromosomes. Since the (1, 7) evolution strategy is adopted, the number of
offspring generated in each generation is 350. This strategy ensures a diverse population for better
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exploration and exploitation of the solution space. The evolution termination condition is determined
based on the stability of the fitness values. If the fitness values remain unchanged for 1000 consecutive
generations, it is considered that evolution has converged. This condition implies that the algorithm
has reached a point where there is no significant improvement in the fitness values, indicating that a
stable and optimized solution has been found.

4. Experiment Analysis

The data for this research are sourced from the Taiwan Economic Journal (TE]). The training and
testing period spans 10 years, from January 1, 2008, to December 31, 2017. The data are collected on
a weekly basis and include information about the listed stocks in Taiwan. In order to evaluate the
performance of the evolutionary algorithm, a sliding window method is employed as the testing
method. This method involves dividing the entire dataset into overlapping windows of a specific
size. In this case, the window size is set to 3 months. The sliding window method allows the
evaluation of the algorithm's performance across different time periods within the overall testing
period. By sliding the window across the data, multiple sub-periods can be evaluated, which helps
to assess the algorithm's robustness and generalization capabilities.

Figure 4-1 represents the experimental design architecture used in the research. It outlines the
sequential steps involved in the strategy development process. In the first step, evolution strategies
are employed to identify the optimal timing for both the stock selection and timing strategies for each
specific period. These strategies are evolved using the principles of natural selection and survival of
the fittest, allowing the exploration and exploitation of the solution space. The second step involves
utilizing the prediction capabilities of the Backpropagation Neural Network (BPN) to train the timing
strategy. The BPN network is trained using the available data to predict the rise and fall of stock
prices in the current week. This prediction helps generate trading signals that can guide investment
decisions. Finally, based on the current market conditions, the best capital allocation strategy for the
week is determined. This step involves considering various factors and indicators to determine the
most appropriate allocation of capital in order to achieve optimal returns given the prevailing stock
market conditions. Overall, this experimental design architecture integrates evolutionary strategies,
predictive modeling, and capital allocation to develop a comprehensive approach to stock trading
and timing strategies.

In the research, three investment strategies for stock selection, timing, and capital allocation have
been identified as suitable for the current week. These specific strategies serve as evaluation criteria
for the evolution strategies. Using these as evaluation criteria, the evolution strategies aim to evolve
the optimal capital allocation ratio for the current week. The evolution strategies employ a rule-based
approach to determine the best investment strategy for each week. By applying this rule-based
approach, the system evaluates and compares various capital allocation ratios using the three
identified investment strategies. The goal is to find the capital allocation ratio that maximizes
investment performance and aligns with the specific investment strategies employed. This iterative
process allows the system to continually adapt and evolve the capital allocation ratio based on the
performance of the selected investment strategies. By identifying the best investment strategy
through evaluation and optimization, the system aims to enhance the overall profitability and
effectiveness of the investment approach for each week.
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Evolution Strategies

Range of variables for Range of variables for
selection timing
| |
choose the right strategy choose the right strategy
______ r____ﬁ_____
Peter
Woods
L___r__J _____ ____4
BPN Neural BPN Neural
Networks Networks

I

buy and sel
signal

Capital Allocation

Kelly formula - The optimal F value

Evolution Strategies

sell buy buy buy

Figure 4-1 Experimental design architecture.

The investment target of the experiment is to select representative stocks from eight major
industries. The experiment focuses on a total of eight specific stocks that act as research objects. Each
of these stocks represents a different industry:

Cement industry stock: Taiwan Cement Corp. (stock symbol: 1101).

Food industry stock: Uni-President (stock symbol: 1216).

Plastic industry stock: China Petroleum & Chemical Corporation (SINOPEC) (stock symbol:
1314).

Textile industry stock: ECLAT TEXTILE CO. (stock symbol: 1476).

Mechanical and electrical industry stock: Tatung Corporation (stock symbol: 2371).

Paper industry stock: TAIWAN PULP & PAPER CORPORATION (stock symbol: 1902).

Construction industry stock: Kindom Development Co. (stock symbol: 2520).

Financial industry stock: Cathay Financial Holdings Co. (stock symbol: 2882).

These stocks have been selected based on their representation of the respective industries,
making them suitable for the research objectives of the experiment. By analyzing and evaluating the
performance of these stocks, the experiment aims to formulate effective investment strategies tailored
to the portfolio.

The paper utilizes the reverse transfer neural network model to learn the Ohlson model, ICAPM,
and APT strategies for predicting the stock prices. Table 4-1 presents the annual average accuracy
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rates of the trading signals for each stock from 2009 to 2018. Notably, the highest accuracy rate
achieved is 83.56%. The highest annual average accuracy rate recorded is 75.71%, while the lowest
one is 64.18%. The ten year average total accuracy rate stands at 69.65%, which is approximately 70%.

Table 4-1. Accuracy rate of buying and selling signals from 2009 to 2018.

Y 2000 | 2010 | 2011 | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018
Stock svim

1101 7838 | 72.55 | 74.51 | 72.55 | 78.85 | 77.36 | 66.67 | 78.43 | 71.15 | 79.36
1216 67.57 | 68.63 | 7451 | 70.59 | 6538 | 64.15 | 68.63 | 68.63 | 6346 | 72.51
1314 6757 | 62.75 | 7059 | 72.55 | 71.15 | 60.38 | 72.55 | 64.71 | 55.77 | 69.83
1476 64.86 | 72.55 | 72.55 | 62.75 | 65.38 | 62.26 | 82.35 | 66.67 | 59.62 | 73.35
1902 7297 | 64.71 | 80.39 | 70.59 | 61.54 | 73.58 | 52.94 | 64.71 | 6538 | 80.64
2371 78.38 | 72.55 | 72.55 | 64.71 | 63.46 | 58.49 | 64.71 | 58.82 | 69.23 | 83.56
2520 64.86 | 74.51 | 7843 | 66.67 | 78.85 | 71.70 | 62.75 | 66.67 | 53.85 | 69.82
2882 78.38 | 7451 | 7059 | 68.63 | 76.92 | 75.47 | 66.67 | 62.75 | 75.00 | 76.62
Average | 7162 | 70.35 | 74.27 | 68.63 | 70.19 | 67.92 | 67.16 | 66.42 | 64.18 | 75.71

Unit: %.

Table 4-2 shows the number of times the most suitable investment strategies were chosen each
year between 2009 and 2018. For example, in 2009, the stock selection strategy included eleven
instances of Buffett's stock selection strategy and one instance of Peter Woods' stock selection
strategy. As for market timing strategies, the Ohlson model was used five times, the APT was used
five times, and the ICAPM was used twice. In terms of capital allocation, the optimal F was used
eight times, the Kelly formula was used four times, and the rest were inferred.

From 2009 to 2018, in terms of the stock selection strategies, both Buffett's stock selection strategy
and Peter Woods' stock selection strategy were used almost the same amount. Buffett adopts a long-
term perspective in investing, emphasizing holding stocks from fundamentally strong companies.
This strategy helps mitigate market volatility and achieve sustainable and stable investment returns.
Peter Woods, on the other hand, focuses on uncovering stocks with growth potential, particularly in
small- or medium-sized companies. Peter Woods pursues a strong growth performance and believes
that these companies have the potential to deliver good long-term results. Therefore, regardless of
the stock market environment from 2009 to 2018, both Buffett's and Peter Woods' stock selection
strategies have the potential to provide the investors with favorable investment returns.

In terms of the market timing strategies used between 2009 and 2012, the Ohlson model, APT
theory, and ICAPM theory were profitable as market timing strategies regardless of the stock market
environment. However, from 2013 to 2018, the ICAPM theory proved to be more suitable as a market
timing strategy, with less frequent usage of the Ohlson model and APT theory, averaging only 1.5
times and 2.4 uses, respectively. The main reason for this could be the difficulty in finding suitable
variables for the Ohlson model and APT theory. The ICAPM theory was used an average of 8.1 times,
as it incorporates cross-period factors, considering the impact of investor time preferences and the
interaction of risk and return over multiple periods. Therefore, the ICAPM provides a more accurate
pricing model for complex stock financial instruments, enabling precise market timing decisions.

In terms of capital allocation strategies, the optimal F was found to be the most suitable strategy
between 2009 and 2018, being used 10.7 times. The Kelly Criterion tends to overly avoid small
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bankruptcy risks and, on the other hand, excessively pursue excess profits after becoming wealthy.
The optimal F-value tackles the issue of Kelly formula being applicable only to gambling and not to
trading. Its purpose is to calculate the risk capital proportion that maximizes profits, making the
optimization process of gambling outcomes more similar to the profit and loss process in investment
trading.

Table 4-2. Adoption status of stock selection, market timing, and capital allocation strategies from

2009 to 2018.

W Selection Strategy Timing Strategy Capital Allocation Strategy
year Buffett Peter Woods  Ohlson APT ICAPM OptimalF  Kelly Formula

2009 11 1 5 5 2 8 4

2010 5 7 2 5 5 10 2

2011 4 8 6 3 3 12 0

2012 5 7 1 4 7 10 2

2013 1 11 0 1 11 10 2

2014 4 8 0 1 11 12 0

2015 5 7 0 2 10 12 0

2016 5 7 0 1 11 12 0

2017 6 6 0 1 11 11 1

2018 7 5 1 1 10 10 2

Average 5.3 6.7 1.5 2.4 8.1 10.7 1.3

This study incorporates stock selection, timing, and capital allocation strategies to execute
portfolio transactions. The experimental data used in the study are sourced from the Taiwan stock
market from 2009 to 2018. The monthly portfolio returns obtained from the experiments are
summarized in Table 4-3. Additionally, Table 4-3 presents a performance comparison between the
Taiwan stock market and the Taiwan 50 Index (TWNS50) for the corresponding years. The TWN50
consists of the 50 stocks with the highest total market capitalization among all the stocks listed on the
Taiwan Stock Exchange. It serves as a benchmark for evaluating the performance of large-cap stocks
in Taiwan.

Figure 4-2 illustrates the performance of the dynamic investment decision-making framework
proposed in the paper over the ten-year experimental period. The framework allows the
identification of different stock market environments at specific time points and enables the
application of appropriate stock selection, timing, and capital allocation strategies to aid investors in
making buy or sell decisions. The highest average annual rate of return achieved during the
experiment was 6.82% in 2009. Notably, the Taiwan stock market encountered downturns in 2011,
2015, and 2018, with average annual market returns of -1.84%, -0.86%, and -0.68% respectively.
However, the research model generated positive returns during these years, with rates of 4.59% in
2011, 0.26% in 2015, and 1.93% in 2018. Even though the rate of return was relatively low in 2015
(0.26%), it remained positive, ensuring that the investment did not result in losses. Furthermore, the
investment decision-making model proposed by the research institute outperformed the Taiwan
stock market and TWN50 by a margin greater than 4% in 2010, 2011, 2012, and 2013. Particularly in
2011, the rate of return surpassed 6.43% (=4.59% - (-1.84%)). Throughout the experimental period,
with the exception of 2014, the average annual return performance of the model surpassed those of
both the stock market and the TWN50. Even in 2014, the research model yielded results slightly lower
than the TWN50 index, but still outperformed the Taiwan stock market.

Based on the experimental results, it is evident that Taiwan's stock market exhibits
unpredictability and volatility. Merely relying on fundamental analysis and technical divisions
proves insufficient in navigating this intricate landscape. Hence, this study introduces a novel model
for making dynamic investment decisions. Initially, the system identifies investment strategies that
align with the prevailing conditions of the stock market. Subsequently, it utilizes these strategies as
fitness evaluation functions for evolutionary computations. By employing the evolutionary principle
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of survival of the fittest, the model employs three investment evaluation rules to identify the optimal
investment strategy. Consequently, investors can accurately seize opportunities, make informed
decisions, attain favorable risk premiums, and streamline their investment and financial management
endeavors.

Table 4-3. Comparison table of monthly return rates of the research, market, and TWN50 investment
portfolios in 2009~2018.

2009 2010 2011 2012 2013

o Resear Mark TWN Resear Mark TWN Resear Mark TWN Resear Mark TWN Resear Mark TWN
Unit:%

ch et 50 ch et 50 ch et 50 ch et 50 ch et 50

Jan. 093 -748 -786 -3.17 -6.69 -578 -340 193 296 -451 629 566 1804 195 1.78

Feb. 438 728 796 741 -267 -3.00 -298 -597 -623 855 804 693 -1.07 0.61 0.68

Mar. 17.86 14.34 11.76 20.63 651 4.77 579 097 127 068 -232 -1.82 931 0.26 -0.46

Apr. 2246 15.00 1428 -5.01 1.06 149 528 374 411 -570 -544 -531 1.11 221 2.62

May. -050 14.98 12.85 -16.17 -7.87 -8.22 33.58 -0.21 -1.05 0.06 -2.67 -324 -492 199 1.18

Jun. 078 -6.65 -6.29 2194 -0.61 -1.69 -1736 -3.74 -480 4.87 -0.07 -042 236 -233 -1.68

Jul. 2745 10.04 9.10 521 588 610 0.11 -0.10 -0.88 15.18 -0.35 -0.70 14.19 0.57 -0.82

Aug. -3.61 -356 -237 2397 -1.86 -198 -10.27 -1044 -9.05 329 174 198 -7.60 -1.06 -1.29

Sep. 838 10.01 10.01 -843 816 796 5246 -6.67 -587 3223 430 489 -751 1.89 1.09

Oct. 540 -225 -244 472 060 080 -28 501 5.04 -951 -7.12 -569 11.62 3.38 4.10

Nov. -22.73 330 266 819 1.03 131 -228 -9.01 -794 -1401 578 646 20.85 -0.51 -0.64

Dec. 2098 799 711 819 717 818 -297 243 3.09 29.65 157 0.67 454 243 222

Avera
6.82 525 473 562 0.8 083 459 -184 -161 506 081 078 508 095 0.73

ge
2014 2015 2016 2017 2018

o Resear Mark TWN Resear Mark TWN Resear Mark TWN Resear Mark TWN Resear Mark TWN
Unit:%
ch et 50 ch et 50 ch et 50 ch et 50 ch et 50

Jan. -090 -1.73 -197 -2257 059 096 -6.18 -231 -2.64 929 210 199 -6.87 433 5.50

Feb. 1233 209 146 85.02 278 342 2574 327 323 2648 320 243 -337 -2.60 -2.76

Mar. 4.84 243 363 -21.20 -037 -116 -880 397 559 -136 063 053 -3.05 096 048

Apr. 1217 -0.65 0.72 481 244 268 412 -420 -495 501 062 1.63 -094 -240 -3.29

May. 9.15 324 332 292 -121 018 912 188 273 -10.84 171 2.08 -0.64 2.04 1.09

Jun. -490 349 454 -315 -390 -3.09 -1511 153 202 2129 353 442 2026 -035 -0.33

Jul. -11.85 -0.82 -0.75 -2.02 -7.05 -5.80 17.37 3.67 4.33 -6.66 031 048 23.61 204 428

Aug. 1718 129 293 296 -566 -513 249 094 097 -826 152 094 -444 0.06 1.09

Sep. -817 -497 -524 -214 008 -223 113 1.08 131 2317 -191 -246 -8.83 -052 0.04

Oct. 673 009 267 -641 456 379 693 134 249 -394 395 532 -4.27 -10.94-10.39

Nov. -19.25 237 335 -848 -2.73 -258 -411 -053 -1.09 -17.34 -2.16 -413 -3.16 0.88 -2.07

Dec. -6.23 131 -0.61 -26.60 0.21 -0.11 -1527 0.14 -0.05 -744 0.78 0.63 1490 -1.62 -1.26

Avera
092 068 117 026 -086 -0.76 145 090 1.16 245 119 116 193 -0.68 -0.63

ge
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Return (%) The research, market, and TWN50 annual rates of return for
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Figure 4-2. The research, market, and TWNG50 annual rates of return for 2009~2018.

5. Conclusions and Future Research

In the study, evolutionary strategies were employed to determine the optimal time to implement
various investment strategies based on the historical data. When someone engages in stock market
investment, the system initially identifies the prevailing market environment and determines which
investment strategies, such as stock selection, timing, and capital allocation, are most appropriate for
different periods. Subsequently, evolution strategies are employed to identify the best investment
strategy, thus assisting with investment decision making. This approach harnesses evolutionary
strategies to adapt to changing market conditions and optimize the investment strategies accordingly.
By dynamically adjusting the investment approach based on the detected stock market environment,
the system aims to enhance the potential for successful investment outcomes.

Each strategy tool possesses its own benefits and limitations. Consequently, this study employs
multiple tools in order to ascertain a collaborative decision-making process. The tools employed
include Warren Buffett's fundamental analysis indicators and Peter Woods' stock selection indicators
as stock selection strategies. The Ohlson model, ICAPM, and APT are employed as reference tools
for timing. The capital allocation strategy entails an initial evaluation to determine the most
appropriate utilization of either the Kelly value or the optimal F. Subsequently, an evolutionary
strategy is applied to optimize and acquire a comprehensive investment strategy.

The experimental results reveal that different economic conditions in various periods can impact
the outcomes. Based on the strategies utilized in this study, the optimal timing for each strategy
variable can be identified, enabling the determination of the most suitable investment strategy for the
current stock market environment. The most suitable strategy is then employed as the evaluation
function for fitness value in evolutionary strategies, leading to the development of the best one.
Subsequently, the same methodology is applied to each transaction to adapt to the dynamic changes
in the stock market environment.

From 2009 to 2018, extensive experimental analysis demonstrated that the dynamic decision-
making model proposed in this paper consistently achieved a good rate of return, regardless of
whether the stock was in a bull or bear market. Even during market downturns, the system still
generated a positive profit. Moving forward, future research should focus on incorporating
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additional criteria for stock selection, timing, and capital allocation to enhance its ability to respond
to the unpredictable and ever-changing stock market environment. Particularly, when it comes to
timing accuracy, it is beneficial to explore various timing strategies and leverage other artificial
intelligence techniques to further improve the precision. By correctly grasping the timing of buying
and selling, significant risk premiums can be obtained regardless of whether the market is
experiencing an upward or downward trend. This empowers the investors to make tailored
investment decisions based on the current conditions and easily reap benefits.
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