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ABSTRACT Stock selection is the first problem that investors encounter when investing in the stock market
and is paramount. The Sharpe ratio is a common assessment strategy. However, the Sharpe ratio considers an
uptrend portfolio high risk because it assesses portfolio risk using standard deviations. Hence, we propose
a novel investment strategy, namely, the trend ratio, to assess portfolio risk more accurately by the portfolio
trend line. Thus, the uptrend portfolio is not considered high risk and is more consistent with the psychology
of investors. In addition to normal trading (long selling), short selling is another common trading method.
Short selling is borrowing stocks from stock vendors to sell and then repaying the stock at a lower price to
make a profit. This paper proposes investing simultaneously in normal trading and short selling by a trend
ratio, which can further increase investment profits and spread risks. This paper also adds certificates of
deposit as a portfolio choice to ensure that investors can still make profits. This paper utilizes the global
quantum-inspired tabu search algorithm with a quantum NOT-gate (GNQTYS) to effectively find the best
combination of stocks. To avoid the overfitting problem, this paper employs a sliding window. Specifically,
this paper combines the trend ratio, GNQTS, short selling with certificates of deposit, and sliding windows
to perform the stock selection. The experimental results are promising, with our proposed method having
better performance than the Sharpe ratio. Furthermore, the experimental results show that both long selling
and short selling investments can increase the performance.

INDEX TERMS Stock selection, portfolio optimization, trend ratio, short selling, sharpe ratio, sliding

window, metaheuristics.

I. INTRODUCTION

In a capitalist society, people want to accumulate wealth to
manage unexpected future situations. Due to inflation, people
must invest their assets to prevent them from shrinking. The
stock market is one of the most common investment choices
because of its lower asset investment threshold against real
estate, and it has more transparent and public information
compared to futures. Although the stock market has a lower
investment threshold, how to earn a profit in the stock market
remains a complex problem.

The first investing problem in the stock market is choosing
which stock can earn more profit, and it is called stock
selection. However, investing is always accompanied by risk,
and how to reduce the risk and increase the return are the most
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important considerations in stock selection. When investing
in the stock market, there is a saying: “Do not put all your
eggs in one basket.” The modern portfolio theory (MPT),
proposed by Harry Markowitz in 1952 [1], mentioned that a
risk-averse investor should construct a portfolio (i.e., multiple
stocks) with the lowest possible risk, rather than investing in
one stock. Therefore, we analyze how to compose a port-
folio with high return and low risk. To evaluate portfolio
performance, many indicators have been proposed. One of the
most commonly used indicators is the Sharpe ratio [2], [3],
which is calculated by dividing the portfolio return by risk,
and a larger return with lower risk returns a higher value.
However, the Sharpe ratio adheres to the mean-variance strat-
egy that MPT proposed; therefore, the definition of risk is
the standard deviation, which indicates the volatility to the
average line that will be considered as risk. The evaluation
method considers continuous downtrend portfolios a high
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risk. However, it also considers continuous uptrend portfolios
a high risk, but this consideration violates the anticipation of
an investor. Therefore, we propose the trend ratio to address
this problem. The trend ratio evaluates the portfolio by the
trend line. Thus, in a continuous uptrend, the portfolio risk is
evaluated by the difference in real data points to the trend line,
and it can be identified as low risk. Therefore, the evaluated
portfolio risk will be reasonable to the investor, and it meets
the expectations of investors. The trend ratio is calculated
by the daily expected return divided by daily risk, indicating
the daily expected return per unit of daily risk. The daily
expected return is the slope of the trend line, and the daily
risk is the residual between the data points and the trend line.
Therefore, a higher daily expected return with lower daily risk
results in a larger trend ratio value, and it indicates a portfolio
with better performance. The design of the trend ratio can
assess a portfolio with a stable uptrend and make the investor
profitable.

In the stock market, there are many kinds of stock trad-
ing methods. When the stock market is prosperous, long
selling (normal trading) is the best method for earning a
profit. However, to diversify investment choices and increase
market liquidity, short selling is another legal and common
investment method for making money. Long selling means
that investors sell shares that they own and thus hope to sell
at a higher price with increasing stock. In contrast, short
selling means that investors sell shares that they do not own
and hope to buy them back at a lower price. To avoid risk,
in addition to long selling by buying at a low point and
selling at a high point, short selling by selling at the high
point and buying at the low point is a method for earning a
profit. The trend ratio can not only identify a stable uptrend
portfolio but also recognize a stable downtrend portfolio for
short selling. This paper aims to evaluate the portfolio by the
trend ratio and separately finds stable uptrend and downtrend
portfolios. When short selling investments are made, there is
a margin to the vendor when borrowing securities. Moreover,
the regulation in some stock markets allows the margin for
short selling to be cash or securities. To maximize investment
performance, this paper first considers owning an uptrend
portfolio and then using these securities as collateral to trade
for the equivalent suitable downtrend portfolio for short sell-
ing. The mechanism requires only single funds to simulta-
neously perform long and short selling, and it also increases
the opportunity to make money. In addition to the short
selling portfolio, which can be traded when the market goes
down, certificates of deposit are also a different investment
choice, with the certificate of deposit called a deposit in this
context. The deposit is a kind of risk-free investment. When
the stock market is not promising, investors do not invest
all of their funds in the stock market to reduce risk by pre-
serving funds; keeping their funds on deposit can earn some
interest. Furthermore, during a period of economic reces-
sion, the best investment option may be on deposit. Thus,
this paper also considers the option that preserves funds on
deposit.
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The stock selection problem is NP-complete and diffi-
cult to solve. Thus, we require an efficient and effective
algorithm to find the approximate optimal solution in a
limited time. This paper uses the global-best guided quantum-
inspired tabu search algorithm with a quantum NOT-gate,
called GNQTS. GNQTS is an improved quantum-inspired
tabu search algorithm (QTS), and QTS is a branch of the
evolutionary algorithm. The core concept of QTS is simul-
taneously approaching the best solution and distancing from
the worst solution. The QTS has been derived with better per-
formance in many aspects of the optimization problem, such
as stock selection, timing decisions, 0/1 knapsack, reversible
circuit synthesis, and wormhole attack detection problems.
The GNQTS further uses the global-best guided approach to
enhance the exploitation ability and then uses the quantum
NOT-gate to leave the local optima and enhance the explo-
ration ability. Therefore, GNQTS has a stronger ability to
search for the optimal solution than QT'S, and it is suitable for
stock selection problems with large solution spaces. In addi-
tion, we utilize a sliding window for retaining fresher data
and avoid the overfitting problem. We also utilize different
lengths of periods as a combination for testing portfolio per-
formance, which is recognized by the trend ratio, attempting
to find the most suitable training and testing period length to
make the investor earnable through the trend ratio assessment.

This paper utilizes the trend ratio to assess a stable uptrend
and downtrend portfolio accurately. Furthermore, this paper
separately identifies portfolios with long selling and short
selling and then invests them using single funds to maximize
the investment return and minimize the investment risk simul-
taneously. Also, the deposit option is considered in our target
to avoid high risk investments. Due to the large solution space
in constructing a portfolio, this paper optimizes the portfolio
by GNQTS to find the approximate optimal portfolio in a
short time.

This paper is organized as follows. Section I is about
how the previous studies have solved portfolio optimiza-
tion. Section III introduces the background knowledge. The
core concept in this paper is demonstrated in Section IV.
Section V details how this paper uses an evolutionary algo-
rithm to optimize portfolios in both long and short selling.
The experimental results and analysis are in Section VL.
Section VII concludes this study.

Il. RELATED WORK

When investing in the stock market, there are three significant
issues to address: stock selection, trading timing, and price
forecasting. Finding the best timing to trade stocks, fore-
casting the trends or prices of stocks, and selecting potential
stocks are the foundations that help investors to earn more
profit. The studies [4]-[15] focus on price forecasting. The
studies [4]-[8] apply a neural network to perform forecasting,
the studies [9]-[14] utilize the fuzzy time series, and the
studies [15] use the dynamic normalization backpropagation
network. In addition to price forecasting, trading timing is
important to buying at a low point and selling at a high
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point to earn the difference. The studies [16]-[22] focus
on trading timing. One study [16] uses the fuzzy theorem,
another [17] utilizes the machine learning method, and the
studies [18]-[22] use the evolutionary algorithm to find the
best timing.

In the stock market, people usually tend to invest in the
most profitable target. However, modern portfolio theory
(MPT) [1] shows that high returns are always accompanied
by high risk, and low risk is accompanied by low returns.
MPT also shows that the portfolio can spread investment
risk. Thus, portfolio optimization has been a popular issue
in the stock market. There have been many different strate-
gies proposed to assess and construct a portfolio. The most
commonly used indicator is the Sharpe ratio. The Sharpe
ratio [2], [3] was proposed by William F. Sharpe, who was a
Nobel Prize winner in Economics in 1990. The Sharpe ratio
simultaneously considers not only return but also the risk, and
it is calculated by the expected return rate deducting the risk-
free rate divided by risk. The Sharpe ratio uses the mean-
variance model that MPT proposed; thus, the definition of
risk is the variance and covariance. Many studies [23]-[35]
assess portfolio performance by the Sharpe ratio in the mean-
variance model. Moreover, there are many studies [26], [31]
that use the Sharpe ratio as the comparing criterion to eval-
uate portfolios identified by the different models or algo-
rithms and then compare the effectiveness of the models
or algorithms. However, variance and covariance evaluate
the difference compared to the mean. Therefore, once the
portfolio trend deviates from the average line, it is eval-
uated as high risk. In downtrend portfolios, the design of
risk seems reasonable. Nevertheless, when the portfolio is
in a stable uptrend, it is assessed with the same high risk.
Generally, stable uptrends should be favorable to investors.
The Sharpe ratio misjudges a stable uptrend portfolio as high
risk and then derives a low rank. Some studies [36], [37]
attempt to revise the misjudgment from the Sharpe ratio. The
study [36] uses the downside risk to assess portfolio risk, and
the study [37] uses the semivariance to evaluate risk. They
both only consider the underestimated situation as the risk.
However, the concept that the Sharpe ratio proposes is eval-
uating both the overestimated and underestimated situations.
Therefore, the study [38] proposes the novel indicator trend
ratio to assess the portfolio. The trend ratio uses the trend
line to assess portfolios’ daily expected return and daily risk.
Preserving the benefits of the Sharpe ratio, the trend ratio
is defined as the daily expected return divided by the daily
risk, and the overestimated and underestimated situations are
both considered portfolio risks. Because the risk in the trend
ratio is defined as the residual to the trend line, the trend
ratio can assess a stable uptrend portfolio as low risk. Then,
the portfolio performance can be evaluated more accurately.
Furthermore, there is another drawback to the Sharpe ratio.
Because it uses the risk calculation in the MPT model, the
variance and covariance calculation cannot fully represent the
interaction among more than two stocks in a portfolio. It can
only calculate each pair of stocks in the portfolio to roughly
represent the interaction. Moreover, the risk computation
VOLUME 9, 2021

requires N2 calculations, with each computation similar to the
standard deviation. To address this problem, funds standard-
ization [23] was proposed. Funds standardization converts all
stock price decreases and increases into fund fluctuations,
and then the interaction among all stocks in a portfolio can
be fully represented in fund variation. Moreover, the risk
computation of the standard deviation is also reduced to
1 calculation.

In addition to the mean-variance model, many models
have been proposed to evaluate portfolio performance. The
study [39] designs a Hidden Markov Model to construct an
asset using return probability density function by Gaussian
mixtures. The studies [40]-[43] use the value at risk (VaR)
model, which is the maximum money lost under a given
probability, to assess the portfolio risk. The studies [44], [45]
use the improved VaR, which is called the conditional value
at risk (CVaR) model, to assess portfolio risk. They focus
on how much money the investment will lose under a given
probability.

The assumption of the return in MPT excludes short sell-
ing. However, short selling is also a common and legal trad-
ing method in the stock market. Short selling is a trading
method in which security is borrowed from a stock vendor
and sold later with the hope that the security’s price will
fall, allowing investors to repay the borrowed security at a
lower price and make a profit. In addition, the collateral used
to borrow security for short selling is not restricted to cash
under Taiwan regulations. In other words, investors may use
the same value of securities as collateral to borrow securities
for short selling. The studies [46]-[53] focus on the short
selling influence in the stock market. The study [46] indicates
that a ban on short selling is detrimental to market liquidity.
Moreover, the study [47] provides proof that short selling
exists in assets and is allowed with equilibrium and satiation.
The study [49] refers to margin trading and short selling
playing an important role, and the implementation of these
two methods can help stock liquidity and render the market
more stable. The study [51] further proves that short selling
can reduce investment risk. Therefore, this paper considers
both the long and short selling trading methods to reduce
portfolio risk.

In recent works, money management is an important issue.
Some studies [31], [54], [55] about the Kelly criterion pro-
posed to optimize capital growth performance by diversifying
the portfolio and controlling the loss. Considering the non-
invest part into the portfolio solution space may be a general
way to optimize the portfolio to diversify the investment.
Sometimes when the stock market is not suitable for invest-
ment, investors will be more likely to preserve their funds in
the form of a certificate of deposit rather than investing to
reduce investment risk. The study [57] proves that including
a certificate of deposit as an investment choice is a wise
strategy. Preserving funds using a certificate of deposit when
the time is not suitable for investment can effectively reduce
investment risk. Because preserving funds can allow buying
securities in batches, it can average the cost and lower the
investment risk.
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To find long and short selling portfolios, the solution space
is too large to be exhausted by the brute-force method. There-
fore, computational intelligence (CI) is a commonly used
technique for finding an optimal solution. The evolutionary
algorithm (EA) is a powerful CI technique, and it is also a
metaheuristic algorithm that can be applied in different kinds
of problems [58], [59]. The studies [23]-[25], [27], [29],
[31], [52], [53], [57], [60]-[65] utilize an EA to optimize the
stock selection problem. The studies [25], [27], [53], [60] use
particle swarm optimization (PSO) to identify the best per-
formance portfolio. The study [61] improves the differential
evolutionary algorithm (DE) as discrete-continuous encoding
to optimize the model that is proposed, and it uses the funda-
mental and technical indicator to score the portfolio and then
select the top m ranking stock to formulate an equal-weighted
portfolio. The study [29] optimizes the portfolio by evolu-
tionary strategy hall-of-fame (ES HOF), and it constrains
the portfolio cardinality, which means that it constrains the
number of stocks in the portfolio. The study [62] considers
complex constraints with basic, bounding, cardinality, and
class constraints to perform the portfolio construction, and the
k-means cluster method is used to eliminate the cardinality
constrained to reach diversification. Portfolio optimization
is a combinatorial problem, and the genetic algorithm (GA)
is a form of binary encoding that is suitable for solving the
portfolio optimization problem in many studies [23], [24],
[52], [63], [64]. The study [23] uses GA and the Sharpe ratio
to solve the portfolio optimization problem. The study [63]
applies multistage to select the stocks in a portfolio via
investor information k-means clustering and then utilizes GA
to optimize the portfolio weights through return or the Sharpe
ratio. The study [64] uses GA to optimize the threshold
parameters of the GAORB strategy with the protective clos-
ing strategy and then decides the intraday trading with the
long or short position. The studies [53], [S7], [65] also use a
binary encoding method and an emerging branch quantum-
inspired algorithm, the quantum-inspired tabu search algo-
rithm (QTS), to solve portfolio optimization efficiently. QTS
can simultaneously approach the best solution and be far from
the worst solution.

This paper uses the novel assessment strategy trend ratio
and the effective evolutionary algorithm to optimize portfo-
lio performance in uptrend and downtrend conditions. The
trend ratio is calculated based on funds standardization;
therefore, the risk calculation must only perform one stan-
dard deviation-like computation. To optimize the portfolio
performance, the trend ratio simultaneously maximizes the
expected return and minimizes the risk. Additionally, this
paper simultaneously invests in not only a long selling port-
folio but also a short selling portfolio by single investment
funds. Among all the metaheuristic evolutionary algorithms,
this paper proposes the effective and efficient improved
GNQTS to find the approximate optimal solution. By using
the GNQTS to optimize the portfolio performance, this paper
derives a portfolio combination that has the optimal trade-off
between return and risk.
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Illl. BACKGROUND

A. MODERN PORTFOLIO THEORY

Modern portfolio theory (MPT) [1] was proposed by
Markowitz in 1952. MPT assumes that investors have a
risk-averse nature. When two stocks with the same return
are presented, investors choose the one with less risk, and
when two stocks with the same risk are presented, they
choose the one with a higher return. To make an efficient
investment, investors invest in two or more stocks at the
same time to form a portfolio that reduces risk more than a
risky stock and enhances the return more than a low return
stock. Assume that there are N stocks in a portfolio, and
the funds are distributed among these N stocks. The weights
of the stocks are wy, wp, w3, ..., wy, and the weights sum
to 1, as shown in Equation 1. The portfolio expected return
on investment (ROI) is calculated by the weights and the
expected return of stocks, as shown by Equation 2, where
E(rp) is the portfolio expected return, and 7(;is the expected
return of the i’ stock. In MPT, the risk is defined as variance,
and the interaction between two stocks is the covariance.
Equation 3 defines the risk calculation, where o), is the port-
folio risk, while oj; is the covariance of stock 7 and stock j.

N

dwi=1 0<w<I 1)

i=1
N

E(rp) =) wir; ©)
i=1
N N

013 = ZZwiwjmj, i#]j 3)

i=1 j=1

B. FUNDS STANDARDIZATION

The mean-variance model in MPT calculates the portfolio
evaluate risk by the standard deviation. However, when there
are multiple stocks in a portfolio, the traditional method will
assess the volatility of the separate stocks by their variance
and the covariance between pairs of stocks in a portfolio.
Assume that there are three stocks, A, B, and C, in a portfolio,
and the risk evaluation is shown in Equation 4. Generally,
MPT assumes that the risk of a portfolio is the summation of
the risk of every stock, as shown in Equation 3. However, this
formula only works when the final goal is to counteract the
risk to be a flat average line. When the stocks have contrary
trends along to a line with a slope, they can still counteract
the risk as an uptrend stock complementing the deficiency of
downtrend stock with its positive return and vice versa. The
risk definition in MPT will misjudge a situation with high
risk. As Fig. 1 shows, the symmetry of uptrend and downtrend
stock can form a stable uptrend portfolio because of the
counteraction of the increasing and decreasing situations.

Portfolio Risk in MPT
= wz(af + ag + O'sz + 2048 + 20c + 204c) (4)
In addition, the covariance can assess only the interac-

tion between two stocks due to the mathematical definition.
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Stock Price

Stock B

Day

FIGURE 1. A sample portfolio includes stocks A and B, considering both
stocks’ trends.

The interaction among more than three stocks can be calcu-
lated only by rough estimation and cannot be fully expressed.
Furthermore, the covariance with each pair of stocks in the
portfolio creates a high computational cost, N> calculations.
To address these problems, funds standardization [23] has
been proposed to represent full interaction among the portfo-
lios. Funds standardization converts the fluctuation of stock
prices into funds fluctuations and then assesses portfolio
performance more precisely. The funds fluctuation shows the
result after counteracting the interaction with all the stocks in
a portfolio. The funds standardization in the portfolio has only
one sequence, and it can calculate only 1 standard deviation to
represent every stock interaction. The risk calculation is from
N? quantity into 1. Furthermore, the fund fluctuation can also
express the mood swings of investors and properly consider
the comprehensive interactions of stocks in a portfolio. With
its great ability to evaluate portfolios, funds standardization
helps investors find a low-volatility portfolio.

C. SHARPE RATIO

When investing in the stock market, investors depend on an
assessment indicator to determine whether a stock is worth
investing in. The Sharpe ratio [2], [3] is an extensively used
indicator for evaluating return and risk, and it was proposed
by William F. Sharpe, who won the Nobel Memorial Prize in
Economic Science. The Sharpe ratio is a representative index
while assessing stocks, as its concept is expected return per
unit of risk and it is designed to recognize stocks with low risk
and high return, meaning that the higher the Sharpe ratio is,
the better the portfolio is. Equation 5 shows how the Sharpe
ratio is calculated, where E(rp) is the portfolio’s expected
return, Ry is the risk-free rate of interest and o, is the portfolio
risk.

[E(rp) — Ry]
Op

Sharpe Ratio = 5)

The Sharpe ratio defines risk by the standard deviation,
which is the difference from the average line. The risk is
the deviation between the daily funds standardization and the
average line, and the dotted line represents the risk in the
Sharpe ratio. Using the standard deviation as risk considers
a downtrend portfolio as high risk. However, the uptrend
portfolio is also considered high risk, as shown in Fig. 2. The
uptrend portfolio is what the investor wants; thus, the design
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FIGURE 2. Both the stable uptrend and downtrend portfolios are high
risk in the Sharpe ratio.

of the Sharpe ratio violates the expectations of investors.
Therefore, in this paper, we propose a novel assessment
indicator, the trend ratio, to not only meet the expectations
of investors but also assess portfolio performance more accu-
rately as a fairer indicator.

IV. BASIC CONCEPT

The Sharpe ratio will misjudge the uptrend portfolio as high
risk. Therefore, the trend ratio is proposed to assess portfolio
risk more accurately and more consistently with the expec-
tations of investors. The design of the trend ratio follows
the spirit of the Sharpe ratio. The core difference is that the
trend ratio assesses the portfolio performance by the trend
line. When the portfolio trend deviates from the trend line,
it is seen as volatility in the trend ratio, which is risky. The
trend ratio considers the return and risk simultaneously, and it
also uses division to calculate. Furthermore, to fairly compare
different lengths of the period, the trend ratio uses the daily
expected return divided by daily risk, as shown in Equation 6,
indicating the daily expected return per unit of daily risk.

Daily E. ted Ret
Trend Ratio = any xp.ec e. e (6)
Daily Risk
yi = m'xi+c @)
. (xiyi — xic")
Duaily Expected Return = m' = Z— (8)
Y ()2
W2
Daily Risk = —Z(yl Yo ©

n

The trend ratio uses the trend line as a comparison crite-
rion. The deviation between the real data point and the point
at the trend line is the risk, while the daily expected return
is the slope of the trend line, as shown in Fig. 3. In the trend
ratio assessment, a stable uptrend portfolio is not misjudged
as having high volatility.

The trend line is calculated by simple regression, indicat-
ing the overall portfolio trend. However, when using simple
regression, the beginning of the trend line is different from
the initial fund, which leads to an unfair comparison between
portfolios. Therefore, the portfolio trend is estimated using
the initial investment funds as the y-intercept of the trend
line, and it is a fairer comparison of the different investment
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FIGURE 3. The portfolio is assessed by the trend ratio. The yellow dotted
line is the portfolio trend line, and the red dotted line is the risk under
the trend ratio assessment.

funds. Thus, Equation 7 shows the calculation of the trend
line, where y; is the expected funds standardization on the i
day, m' is the slope of the regression after initial funds are con-
sidered, x; represents the ith day, and ¢’ is the initial investment
funds. The slope where the y-intercept is considered as the
initial investment fund is calculated as Equation 8. Further-
more, in the trend ratio, the daily expected return and the daily
risk assessment are according to the trend line. Therefore, the
portfolio’s daily expected return is also the slope of the trend
line as Equation 8 shows. The portfolio’s daily risk is the daily
fluctuation between the funds standardization of the portfolio
and the trend line, given by Equation 9.

The innovative assessment of the trend ratio still preserves
the core concept that investors are risk averse, which MPT
assumes. With a given level of return, investors prefer a low-
risk portfolio; investors prefer a high-return portfolio under
a given level of risk. As shown in Fig. 4, under the same
risk (the same volatility), the red portfolio has a higher daily
expected return than the blue portfolio because of the steeper
slope of the trend line; therefore, the trend ratio assessment of
the red portfolio will be higher in the long selling investment.
Under the same condition, the short selling investment derives
the same effect in finding the downtrend portfolio. In Fig. 4,
the blue portfolio and yellow portfolio have the same volatil-
ity. However, the yellow portfolio has a higher, steeper slope
than the blue portfolio; therefore, the trend ratio assessment
of the yellow portfolio is better than that of the blue portfolio
in the short selling investment.

In another situation, under the same expected return (the
same slope of the trend line) in Fig. 5, the red portfolio has
a lower risk because its volatility to the trend line is smaller;
thus, the red portfolio derives a higher trend ratio than the
blue portfolio. By using the trend ratio, investors can correctly
choose the higher return and lower risk portfolio. Identically,
in short selling investments, the yellow portfolio and green
portfolio have the same expected return, and the trend ratio
can identify a better downtrend portfolio. When investors
make short selling investments, they still want the portfolio to
decrease stably and not have large volatility. Thus, the trend
ratio assessment of the yellow portfolio is better than that of
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FIGURE 4. Portfolios with the same volatility and different risks in long
and short selling investments. The red uptrend portfolio is assessed with
a high return in long selling, and the yellow downtrend portfolio is
assessed with a high return in short selling. Regardless of long or short
selling, the blue flat portfolio is a low return portfolio.
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FIGURE 5. Portfolios with the same return and different risk in long and
short selling investment. In the long selling investments, the red
portfolio, LSLR (long selling portfolio with low risk), is assessed with low
volatility and performs better than the blue portfolio, LSHR (long selling
portfolio with high risk). In the downtrend portfolio, the green portfolio,
SSHR (short selling portfolio with high risk), is riskier than the yellow
portfolio, SSLR (short selling portfolio with low risk), and the yellow
portfolio can derive better performance in short selling.

the green portfolio because it has less volatility to the trend
line.

Short selling still requires a stable downtrend portfolio,
in contrast to long selling, which requires a stable uptrend
portfolio. Therefore, this paper can accurately find both a
better uptrend and a better downtrend portfolio by the trend
ratio. Then, the stable uptrend portfolio in the long selling
portfolio can be collateral as the margin to the vendor, and
the stable downtrend portfolio in the short selling portfolio
can be borrowed to earn the profit of the difference. By this
mechanism, investors can separately invest in the portfolios
using one fund and reduce the investment risk.

V. PROPOSED METHOD

To solve the stock selection problem and choose potential
stocks, this paper includes long and short selling with the
trend ratio, certificates of deposit, GNQTS, and sliding win-
dows to help investors make wise investment decisions. The
trend ratio can correctly consider portfolio risk and return
because the trend ratio does not misjudge a portfolio’s trend.
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Using the trend ratio, investors can find high-return and low-
risk portfolios. This paper also includes the certificate of
deposit, deposit for short in this context, as a choice for
investors when the market is not suitable for investment.
Since this paper does not restrict the number of stocks in a
portfolio and the search space is too large to be exhausted,
this paper proposes GNQTS to find the best portfolio effec-
tively. To correctly analyze historical stock information and
avoid overfitting and underfitting problems, we use a sliding
window to find the proper investment period.

A. SHORT SELLING WITH THE TREND RATIO

When investors invest in the stock market, an assessment
strategy is needed to evaluate stocks. This paper proposes a
novel assessment strategy, namely, the trend ratio, in assess-
ing the uptrend and downtrend portfolios. Instead of mis-
judging a flat trend as a good trend like the Sharpe ratio,
the trend ratio can correctly assess the trend of a stock
or portfolio. Before the trend ratio is calculated, the funds
standardization of the portfolio is calculated using the daily
stock price. The mechanism, funds standardization, reflects
all of the relationships of stocks in the portfolio and reduces
the calculation complexity when calculating portfolio risk.
With funds standardization, a trend line is then calculated
using linear regression. The daily expected return on the
portfolio is the slope of the trend line, and the daily risk
is the deviation between the funds standardization and the
trend line. The trend ratio is the daily expected return per
daily risk. When two portfolios have the same risk, the trend
ratio of the portfolio with a higher return is better; when
two portfolios have the same return, the trend ratio of the
portfolio with lower risk is better. Therefore, the trend ratio
will not misjudge the portfolio trend when the portfolio is
either uptrend or downtrend.

The stock market does not remain stable; stock prices often
oscillate. It is suitable to be involved in normal trading (long
selling) when the stock market is in an uptrend. When the
market is in a downtrend, short selling is suitable, which is
investing in a downtrend portfolio. When investors predict
that a stock will go down, they will borrow the stock from
a stock vendor at a relatively high point and sell the stock.
When the stock goes down and hits a relatively low point,
investors will buy the stock back and return it to the lender and
earn the difference. Short selling does not mean that investors
choose portfolios with poor performance that have a high risk
or low return. They still want to choose stable downtrend
portfolios with a high trend ratio but with low risk and a high
price difference.

When investors need to borrow stocks from a stock vendor
in the Taiwan stock market, they need a margin as collateral.
In addition to using money as a margin, investors can use
equal value collateral, including the equal value of stocks,
to borrow stocks from stock vendors. The stock market oscil-
lates and is unpredictable. This mechanism enables investors
to use a sum of money to invest in both normal trading
and short selling at the same time instead of choosing either
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normal trading or short selling only. By investing simultane-
ously in the normal trading and short selling, investors can
earn with both trading methods to enhance the return and
reduce the risk of investment.

B. DEPOSIT

This paper proposes an additional choice in the investment
targets, the deposit, to spread the portfolio risk and earn
further interest by preserving part of investment funds. When
the stock market is unstable and is not appropriate for invest-
ment, our system could not find a portfolio to recommend
for investment. At this point, investors have stagnant funds.
In our previous research, we found that there are also some
circumstances that require investors to protect part of their
funds to gain better investment results, which means that
not all investment circumstances involve all investors’ funds,
and they will have some unused funds. Therefore, investors
should save their unused funds in a bank certificate of deposit
to earn interest. In addition, a deposit helps when the market
is inappropriate for investment and can be chosen as a part
of a stable uptrend or stable downtrend portfolio to lower
the portfolio risk. The preserved funds can buy securities in
batches and then average the cost to lower investment risk.
This practice enhances the portfolio performance and derives
a higher trend ratio, which results in a higher return per
unit risk. This paper performs long and short selling simul-
taneously with single funds. Thus, when there is no uptrend
portfolio, which means that the stocks are all decreasing, the
best investment choice for long selling is a deposit. Preserving
funds can still be used as a margin for investing in a stable
downtrend portfolio in short selling to earn profits.

C. GLOBAL-BEST GUIDED QUANTUM-INSPIRED TABU
SEARCH ALGORITHM WITH NOT-GATE (GNQTS)

There are thousands of stocks in the stock market, and choos-
ing an investment portfolio is complicated. Further, in this
paper, we do not limit the number of stocks in a portfolio, and
the search space is too large to be exhausted. Hence, this paper
uses the quantum-inspired tabu search (QTS) to help investors
find the best portfolio. QTS is an efficient algorithm that
simultaneously moves individuals toward the best solution
and away from the worst solution. QTS is inspired by quan-
tum mechanics and is a probability-based algorithm. The core
of QTS is the beta-matrix, which influences the convergence
and quality of solutions. The probability in the beta-matrix
is updated depending on the best solution and the worst
solution, making QTS powerful and efficient. However, QTS
has some defects. First, the best solution in each genera-
tion, which is used to update the probability of choosing a
stock, decreases the power of intensification. Second, when
QTS jumps out of local optima, it requires many genera-
tions to reach the latest optima. To solve these problems,
this paper proposes utilizing the current best-known solution
and the quantum NOT-gate to update the beta-matrix and
improve QTS.
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Stock# 1101 2330 3045 4904 9904  Deposit
Solution 1 0 0 1 0 1
Portfolio
1101 4904
Deposit

FIGURE 6. Representation of a solution.

The best solution in every generation might be differ-
ent, and the beta-matrix probability will be updated to dif-
ferent solutions with every different best solution in every
generation. With the best solution replaced by the current
best-known solution as update dependent, the beta-matrix
probability can be intensively updated accordingly. When
the algorithm is stuck in local optima, it requires many gen-
erations to jump out of the local optima, and the process
consumes many resources. This paper proposes the quantum
NOT-gate to enable QTS to jump out of local optima quickly
when the algorithm is stuck. In other words, the current best-
known solution enhances the intensification ability of QTS,
and the quantum NOT-gate increases the ability of QTS to
jump out of the local optima. The QTS that is improved
by the current best-known solution and quantum NOT-gate
is called the global quantum-inspired tabu search with a
NOT-gate, or GNQTS. GNQTS shows better and more stable
performance in searching for potential solutions than QTS.
The applied flow of GNQTS is that it is initialized at first
and then does the following recursive step: measurement,
calculating fitness, and update, until the terminated criterion
is met. The pseudocode of the proposed method is provided
in Algorithm 1.

Algorithm 1: An Independent Process of GNQTS

1 N: Number of stocks;

2 P: Number of solutions in a generation;

3 b: The beta-matrix {by, by, ...,bn};

4 bs: Global best solution;

5 ws: The worst solution in the current generation;

6 g < 0;

7 Initialize the beta-matrix value {by, by, ..., by} < 0.5;
8 while (termination-condition is not reached) do

9 g<—g+1;
10 Measure the solutions {S1, 2, ..., Sp}by Eq.(11);
11 Calculate the objective value;
12 Sort the solutions and obtain bs and ws;
13 Update the b with bs and ws by Eq. (12);
14 fori < N do
15 if ( b;/ # b; ) then
16 if (b; —0.5)> bs;or(b;+ 0.5) < bs; then
17 | Apply QN gate by Eq. (14);
18 end
19 end
20 end
21 end

1) REPRESENTATION
The length of the solution is the number of stocks in the
GNQTS encoding. Each solution represents a portfolio, and
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each bit is a stock. The paper utilizes a binary array (0 s
and 1 s) to show whether a stock is selected in a portfolio.
As shown in Fig. 6, there are 6 stocks that can be selected.
The states of the first, fourth, and sixth stocks are 1, which
means that in this solution, stocks with codes 1101, 4904,
and deposit are selected. Stocks 2330, 3045, and 9904 are
at 0 states, which means not selected into this portfolio.
Hence, the investment funds are equally divided between
stock 1101, 4904, and the deposit. This paper does not restrict
the number of stocks in a portfolio or the limitation of the
stock combination; therefore, all the situations in the solution
space can be considered comprehensively.

2) INITIALIZATION

GNQTS is a quantum-inspired algorithm. It carries the char-
acteristics of a quantum bit. A quantum bit has some unusual
phenomena, such as a superposition, in which a quantum bit
exists in the 0 and 1 states at the same time, as Equation 10
shows. a? and B2 are the probabilities of a quantum bit
being 1 and 0, respectively. Therefore, GNQTS is also a
probability-based algorithm. Because the summation of the
probability of being 1 and O should be one, the design of
GNQTS only records the probability of being 1, which is A2
and is called the beta-matrix in GNQTS. The length of a beta-
matrix is the number of stocks that can be selected since it is
an array of the probability of selecting stocks. When there are
k stocks that can be chosen, each stock’s probability of being
selected in the beta-matrix is by, by, . . ., bi. Since there is no
information about the best combinations of stocks at the start
of the algorithm, the initial probability of every stock being
selected is 0.5, half to be selected and half not being selected,
just as Fig. 7 shows.

V) = |0) + 1) (10)

3) MEASUREMENT

To form a solution, each stock must be either selected or
not selected. Therefore, in measurement, a random number
is generated and is compared to the probability in the beta-
matrix to determine whether the bit is 0 or 1, which is
not selected or selected, respectively. A random number is
generated for every bit and is compared to the probability of
every stock in the beta-matrix. The solution is then formed
according to Equation 11, where S; is the state of the i
stock. An example of measurement is shown in Fig. 7. If the
probability of the beta-matrix is greater than or equal to the
random number, the stock is included in the portfolio; and if
the probability of the beta-matrix is smaller than the random
number, the stock is not included in the portfolio.

Si = (1)

1, for b; > random number
0, for b;j < random number

4) UPDATE
The fitness in this paper is the trend ratio, whether in the long
selling portfolio or the short selling portfolio. In QTS, the
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Stock# 1101 2330 3045 4904 9904 | Deposit
Beta matrix | 0.5 0.5 0.5 0.5 0.5 0.5
Random# 0.2 0.6 0.8 0.1 0.9 0.4
Stock# 1101 2330 3045 4904 9904  Deposit
Solution 1 0 0 1 0 1
FIGURE 7. The process of producing a measurement solution.
Stock# 1101 2330 3045 4904 9904  Deposit
Global Best 1 0 0 1 0 1
Worst 0 0 1 1 0 0
Betamatrix 0.5 0.5 05 0.5 05 05
After Update ‘ ‘ l l ‘ l
Stock# 1101 2330 3045 4904 9904 | Deposit
Beta matrix | 0.6 0.5 0.4 0.5 0.5 0.6

FIGURE 8. An example of updating the beta-matrix, where the ¢ is 0.1.

beta-matrix of every bit in the solution is altered according
to the best solution and the worst solution in each generation.
However, since the best solution in each generation changes
rapidly, rendering the algorithm difficult to converge. Thus,
the current best-known solution is used to replace the best
solution in each generation and then enhance the intensifica-
tion ability to cause the algorithm to find a better solution in
fewer generations. With increasing generations, the probabil-
ity of the current best-known solution increases, and choosing
the worst solution decreases. Equation 12 shows how the
beta-matrix is updated. The probability of each bit in the beta-
matrix is updated by an angle, 6, as shown in Fig. 8. After
several iterations, some beta-matrix values converge and are
close to 1 or 0, indicating that the stock apparently must be
included or not in a portfolio.

bi + 6, for bs; # ws; and bs; = 1
b;= {b; —6, for bs; #ws; and bs; =0 (12)

b;, for bs; = ws;

When the algorithm jumps out of local optima, QTS
requires many generations to update to the new optima.
To dynamically update the beta-matrix, we utilize the quan-
tum NOT-gate (QN gate). When the probability of any bit in
the solution does not correspond to the current best-known
solution and the worst solution in generations, the probability
will change. The quantum NOT-gate can exchange the proba-
bility of being 1 and 0, indicating that, the probability of being
0 changes to 2, and the probability of being one changes to
«? in Equation 13. When the quantum NOT-gate is applied
in GNQTS, the mathematical instruction is in Equation 14,
as shown in Fig. 9. By using the current best-known solution
and the quantum NOT-gate to update the beta-matrix, the
GNQTS can effectively search for potential solutions.

) = al0) + A1) L5 Bj0) + 1) 13)

bi=1-V (14)
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Stock# 1101 2330 3045 4904 9904 Deposit
Global Best 1 0 0 1 1 1
Worst 0 1 1 1 0 0
Beta matrix 0.9 0.7 0.1 0.8 0.2 0.9 ‘
e ¥ L 1 33
Stock# 1101 2330 3045 4904 9904 Deposit
Beta matrix 0.9 0.3 0.1 0.8 0.8 0.9

FIGURE 9. An example of applied the quantum NOT-gate (QN gate).

Training Period of
Q* I

2019 Q1 2019 Q2 2019 Q3 2019 Q4
| Training Period of H2Q
Training Period of
I Q2Q |
2020 Q1 2020 Q2 2020 Q3 2020 Q4

FIGURE 10. The difference in the examples of symmetry (Q2Q),
asymmetry (H2Q) and year-on-year (Q*) sliding windows.

D. SLIDING WINDOW

There is considerable historical information about stock
prices in the stock market, and some stocks undergo eco-
nomic cycles. Analyzing this information helps investors to
determine a good investment strategy. However, overfitting
and underfitting are common problems when analyzing his-
torical data. This paper utilizes the sliding window to retain
fresh data by sliding the training period and choosing an
appropriate length to find an optimal investment strategy.
Different lengths of sliding windows lead to different perfor-
mances. In this paper, we propose 13 types of sliding windows
to split the time series into the common segment: month (M),
quarter (Q), half year (H), and a year (Y). The sliding window
is divided into three categories: symmetry (Y2Y, H2H, Q2Q,
M2M), asymmetry (Y2H, Y2Q, Y2M, H2Q, H2M, Q2M),
and year-on-year (H*, Q*, M*). The purpose of introducing
year-on-year sliding windows is that some industries undergo
economic cycles. It is more appropriate to use the stock
information from the same period from a year before for
analysis. Considering Q* as an example, the training result
is obtained from the first quarter of 2019 and is tested in the
first quarter of 2020. The difference between the year-on-year
sliding window and symmetry sliding window is shown in
Fig. 10.

VI. EXPERIMENTAL RESULT

This paper uses the trend ratio and GNQTS to find the best
portfolio for both long selling and short selling in the training
periods and invests in the testing periods. The trend ratio
calculates the portfolio return and risk according to the port-
folio trend. To search for the best portfolio in a large solution
space and with limited time, this paper uses GNQTS to find
the best long selling and short selling portfolio effectively.
This paper also uses different training and testing periods to
determine the appropriate quantity of historical data required
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TABLE 1. The parameter settings of GNQTS.

Initial fund $ 10 million(NTD)
Angle of update 0.0004
Population 10
Generation 10000
Independent experiment 50

in the training period and the length of the testing period to
ensure that the portfolio remains in an uptrend. The invest-
ment target of this paper is chosen from Taiwan’s 50 largest
market capitalization stocks, which are the constituents of
Taiwan’s 50 ETF. By using the trend ratio, GNQTS can find
the best portfolio for long selling and short selling. This
section analyzes the experimental results and compares the
results shown by the trend ratio and the Sharpe ratio [2], [23].

A. INVESTMENT TARGET

Taiwan’s stock prices often fluctuate with international
trends. Thus, Taiwan’s stock market is a representative market
and worthy of research. This paper chooses the constituent
stocks of the Taiwan 50 ETF as the investment target in the
experiment. The Taiwan 50 ETF is an exchange-traded fund,
and the constituent stocks are verified every quarter by the
Taiwan Stock Exchange (TWSE) and FTSE. Taiwan 50 ETF
is composed of Taiwan’s top fifty firms by market capitaliza-
tion, and they represent more than 70% of the market value
in the Taiwan stock market. Therefore, these fifty firms are
very important to Taiwan stock analysis, and they are suitable
as our experimental target. Furthermore, in addition to the
constituent’s stock being chosen in a portfolio, on deposit can
also be chosen as a stock to keep funds when the market is too
risky for investment.

B. EXPERIMENTAL ENVIRONMENT

The source of stock prices in our experiment is the Tai-
wan Economic Journal (TEJ), and the investment period is
from 2010 to 2017. The funds in a portfolio are equally dis-
tributed. This paper not only finds a stable uptrend portfolio
for long selling but also simultaneously finds a stable down-
trend portfolio for short selling. In Taiwan, regulations allow
the use of money or securities as collateral to make a short
selling investment. Therefore, we can use the investment
funds first to buy the long selling portfolio and then use the
securities of the long selling portfolio as collateral to borrow
the short selling portfolio to perform long and short selling at
the same time. This paper uses GNQTS to search for the best
portfolio for long and short selling. The parameters setting in
GNQTS is shown as Table 1. The trend ratio can assess the
downtrend portfolio for short selling and the uptrend portfolio
for long selling. The comparative performance of the short
selling portfolio changes to positive expected return value to
reflect the real return that investors earn.

C. COMPARISON WITH THE SHARPE RATIO
The risk definition in the Sharpe ratio is the standard devi-
ation, which means the difference to the average line. Thus,
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FIGURE 11. Portfolios T and S are selected by the trend ratio and the
Sharpe ratio separately. This figure compares the trend ratio (TR) and risk
performance between the portfolio and single stock.

a stable uptrend and downtrend portfolio will be recognized
as high risk. However, the trend ratio evaluates the portfolio
by the portfolio trend line. Therefore, a stable uptrend and
downtrend portfolio can be recognized as low risk, and it
is more consistent with the investor’s expected psychology.
This paper compares the performance between the Sharpe
ratio [2], [23] and trend ratio by risk and portfolio trends in
both long and short selling in the experimental analysis.

This paper compares the portfolio and the single stock
selected by the Sharpe ratio and the trend ratio in short selling.
The experimental result compares the best portfolio and the
single best stock performance in the trend ratio and the Sharpe
ratio. By converting short selling performance into a positive
return, the downtrend portfolio in short selling with a greater
difference derives a high return because it sells securities at
a high point and buys them back at a low point. This paper
also compares the best risk, and the trend ratio performance
of a single stock and the best portfolio searched by GNQTS
in short selling. Fig. 11 shows the risk and return per unit
of risk comparison between the best portfolio and the best
single stock in the trend ratio and the Sharpe ratio separately.
We find that the risks of the 13 types of sliding windows
in the portfolio are lower than that of the single stock in
both the trend ratio and the Sharpe ratio. Moreover, the risk
in the trend ratio is lower than the Sharpe ratio, and even
the risk of the single stock in the trend ratio is similar to
the portfolio in the Sharpe ratio. This result demonstrates
scientific proof of the saying “Do not put all your eggs in
one basket”, whether they are chicken eggs or duck eggs.
Not only does the long selling investment need to spread risk
using a portfolio, but the short selling investment also requires
a portfolio to spread risk. Regardless of the trend ratio or the
Sharpe ratio, the risk in the portfolio is lower than in the single
stock. In addition, the shorter training period derives a lower
risk than the longer training period.

In comparison, Fig. 11 also shows that the trend ratio can
derive a higher return per unit of risk than the Sharpe ratio in
both the best portfolio and the best single stock. The portfolio
selected by the trend ratio is better than the single stock;
i.e., the portfolio derives a higher daily expected return per
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TABLE 2. The t-test results of the average risk in the 13 sliding windows
between the portfolio T and S.

Null Hypothesis (H) Result

Reject Ho

p-value

5.66E-4

KPortfolioT > K Portfolio S

unit of daily risk. Furthermore, M2M derives a higher trend
ratio than the other sliding windows, and the sliding window
with the economic cycle, M*, Q*, and H*, also achieves a
good performance.

We also conducted the statistical testing z-test to prove the
spreading risk effectiveness. The mathematical instruction of
the z-test is calculated by Equations 15 and 16 to get the
t-value and degree of freedom and then obtain the corre-
sponding critical value and the probability distribution. The
p-value is obtained by calculating the cumulative probability
that below the ¢-value. The wu is the mean value of the target,
S is the standard deviation, and the 7 is the data number.

;= HA—HB (15)

s2  §2
G+

(& + 32y

_ na np
df = 2 2 2 2 (16)
(SA+SA)2 (SA+SA)2
"A "B + "A "B
na—1 ng—1

The portfolio selected by trend ratio (Portfolio T) can
assess a more stable portfolio than selected by the Sharpe
ratio (Portfolio S). Tables 2 and 3 conducted the ¢-test to test
the risk performance between the trend ratio and the Sharpe
ratio. The null hypothesis Hy of the testing is that the mean
of the portfolio risk of the trend ratio (TR) is larger than or
equal to the portfolio risk of the Sharpe ratio (SR), which
SUPPOSES UPorifolio T = MPortfolio s- The alternative hypothesis
H, is that the mean of the portfolio risk of the trend ratio (TR)
is less than the portfolio risk of the Sharpe ratio, which
SUPPOSES [ Porifolio T < MPortfolio s- The risk is the lower, the
better. Table 2 shows the ¢-test result of the average risk in
13 sliding windows, and Table 3 shows the z-test result of
the risk in all periods. The p-values of the statistical testing
are 5.66E-4 and 9.35E-36, and they are both far less than
0.05. The risk performance in the trend ratio is significantly
lower than the Sharpe ratio. Furthermore, the statistical test
result of trend ratio performance between portfolio S and
portfolio T is shown in Table 4. Table 4 shows that the p-value
of the average trend ratio in all the periods is 8.11E-19,
where the null hypothesis Ho iS [4porfolio T < I Portfolio s- NOt
only the risk but also the balance between risk and return,
the trend ratio both have significant improvement than the
Sharpe ratio. We can conclude that our proposed method
significantly improves the existing method in the average and
statistical testing results.

Fig. 12 shows the portfolios selected by the trend ratio and
Sharpe ratio in the long selling (LS) and short selling (SS)
investment in 2010, the training period of Y2Y. Portfolio T
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TABLE 3. The t-test results of the risk in all 664 periods between the
portfolio T and S.

Result
Reject Hg

p-value

9.35E-36

Null Hypothesis (Hp)

KPortfolioT > K Portfolio S

TABLE 4. The t-test results of the trend ratio in all 664 periods between
the portfolio T and S.

Null Hypothesis (Hp) p-value Result
HPortfolio T < HPortfolio S 8.11E-19 Reject Ho
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FIGURE 12. Portfolios T and S are selected by the trend ratio and the
Sharpe ratio separately in the long and short selling investments. They
are both the optimal portfolios in 2010 of Y2Y. Regardless of long or short
selling, the trend of portfolio T is clearly better than that of portfolio S.

represents the portfolio selected by the trend ratio, and port-
folio S represents the portfolio selected by the Sharpe ratio.
Portfolio T in LS is a stable uptrend portfolio with a steeper
trend line and low volatility to the trend line. Portfolio S is
stationary and near the average line; therefore, its trend line
slope is flatter than that of portfolio T in LS. Simultaneously,
the stable downtrend portfolio is identified for SS investment.
The trend line is still steeper and better, and the volatility
to the trend line is lower and better. In Fig. 12, the result
shows that the trend ratio has a better ability to select a stable
downtrend portfolio than the Sharpe ratio. Portfolio S in SS is
stationary, and the trend line is flatter than portfolio T in SS.
Regardless of long or short selling, the Sharpe ratio can only
find the flat portfolios near the average line. However, the
trend ratio not only can search for a stable uptrend portfolio
in the long selling investment but also can search for a stable
downtrend portfolio in the short selling investment.

D. THE PERFORMANCE OF SHORT SELLING AND LONG
SELLING

The experimental target is the stock of the constituents of the
Taiwan 50 ETF, representing the companies with the top fifty
market values in Taiwan. Therefore, the increasing trend is
larger than the decreasing trend. In the same period, some
stocks increase, and other stocks decrease. Investors usually
tend to choose either short selling or long selling. However,
our proposed method can invest both the long selling portfolio
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FIGURE 13. The daily expected return results in 13 types of sliding
windows demonstrate that combine both long and short selling can
perform better than the single trading method.
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FIGURE 14. The trend ratio results in 13 types of sliding windows
demonstrate that combine both long and short selling can perform better
than the single trading method.

and the short selling portfolio with the same funds at the same
time, not the half funds. First, GNQTS searches for the best
uptrend and downtrend portfolios separately and then uses the
uptrend portfolio as collateral for the downtrend portfolio.
In this way, we can use funds to invest in both long selling
and short selling portfolios at the same time.

Fig. 13 shows the daily expected return performance of
both the long selling and the short selling portfolios. Because
this paper uses single funds to invest in two kinds of invest-
ments simultaneously, the daily expected return can be added
together as the total daily expected return. Fig. 14 shows the
trend ratio of both the long and short selling investments.
As mentioned above, the going uptrend is larger than the
going downtrend. Thus, the trend ratio of the long selling
portfolio is higher than that of the short selling portfolio.
Nevertheless, our proposed method can derive profits in both
the uptrend and downtrend and investing in both of them can
at least break even.

E. SELF-ANALYSIS

1) THE EFFECTIVENESS OF A DEPOSIT OPTION

This paper also compares the portfolios with and without
a deposit solution space in the trend ratio to observe the
effectiveness of the deposit. The deposit option is proposed in
this paper to spread investment risk. Therefore, Fig. 15 shows
the risk and trend ratio comparison of the best portfolios
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FIGURE 15. The risk comparison of the portfolios with and without
deposits in the trend ratio. The risk comparison that includes the deposit
option can effectively spread the portfolio risk. The daily expected return
per unit of risk increases in 13 types of the sliding window.

TABLE 5. The t-test results of the average risk in the 13 sliding windows
between the portfolio with and without a deposit choice.

Null Hypothesis (Ho) p-value Result

2.29E-3

Hwithdeposit 2 Hwithoutdeposit RejeCt HO

selected by trend ratio with and without a deposit in the short
selling investment. In 13 types of sliding windows, the risk
of the trend ratio with a deposit is lower than the trend ratio
without a deposit option. The deposit is a kind of capital man-
agement to balance the portfolio risk and return by preserving
some funds not to invest. Therefore, the deposit can bring
the advantage to substantially lower the portfolio risk when
compared to without deposit method. The null hypothesis
Hj of the testing is that the mean of the portfolio risk with
deposit is larger than or equal to the portfolio risk without
deposit, which SUpposes it deposit > Hwithout deposit- The
alternative hypothesis Hy is that the mean of the portfolio risk
with deposit is less than the portfolio risk without deposit,
which supposes ity deposit < [Awithout deposit - The risk is the
lower, the better. Tables 5 and 6 demonstrate the ¢-test results
of the average risk in 13 sliding windows and the risk in all
periods, respectively. The p-values of the statistical testing are
2.29E-3 and 4.18E-14, and they are both less than 0.05. The
t-test results show the portfolio with a deposit obtains a sig-
nificant improvement in risk performance than the portfolio
without a deposit choice. Furthermore, the trend ratio is also
elevated in 660 periods out of 664, which means 99.40% of
periods are improved with the deposit choice. Clearly, the
deposit can effectively spread the portfolio risk even on the
short selling investment. The best portfolio with deposits can
substantially lower the risk; thus, the daily expected return per
unit of daily risk is also increasing in all 13 types of sliding
windows.

2) THE COMPONENTS OF THE PORTFOLIO

The solution space of the portfolio optimization is large;
therefore, some studies may attempt to exclude some kinds
of characteristic stock to reduce the solution space. The most
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TABLE 6. The t-test results of the risk in all 664 periods between the
portfolio with and without a deposit choice.

Null Hypothesis (Hp) p-value Result

4.18E-14

MPwithdeposit Z Mwithoutdeposit RejeCt HO
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FIGURE 16. The portfolio is the best one in the first half year (H1),
January to June 2011 of H2H, in the short selling investment. The first
rank stock is included in the portfolio (navy blue line), and the five stocks
in the portfolio formulate a stable downtrend portfolio with low volatility.

x 100,000

17 101

x 100,000

Stock FS
o
in
Portfolio FS

2201(2) 1326(3)

2912(8) 130109)

2357(37) 4904(38)

Portfolio - - -> Portfolio Trend Line

1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22
Day

FIGURE 17. There is no first rank stock in the portfolio in October 2012 of
M2M in the short selling investment, but the portfolio still derives the
greatest daily expected return per unit of risk and forms a stable
downtrend.

commonly used assumption is to consider the top-ranked
stock to formulate a portfolio; the negative return stocks
are also excluded. Negative return stock in the short selling
portfolio means that it is not a downtrend stock, and it cannot
earn a profit through the short selling investment. In this
manuscript, the rank is ordered by the trend ratio, and thus
the highest trend ratio obtains a higher rank. Fig. 16 shows
the stable downtrend portfolio, which contains the first rank
stock, and the volatility of the portfolio is extremely low in the
first half year (H1) 2011 of H2H. The number in parentheses
is the rank of the single stock, and the first rank stock in H1
2011 of H2H is 2409. The portfolio trend in Fig. 16 is similar
to the first rank stock and the lower volatility by interacting
with other stocks in the portfolio. All of the stocks in this
portfolio form a stable downtrend.

However, the portfolio that our proposed method estab-
lishes in October 2012 of M2M illustrates a counterexample
to the former assumption. In Fig. 17, the approximate optimal
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FIGURE 18. The portfolio is the best one in March to August 2011 of H2M
in the short selling investment. The stable downtrend portfolio contains
the negative return stock, meaning that it does not profit in the short
selling investment. The green line stock has a negative return.

portfolio in this period still derives a stable downtrend with
low volatility to the trend line, but the stocks of constituents
of the portfolio do not include the first rank stock.

There is another counterexample to the previous assump-
tion. Fig. 18 shows a stable downtrend portfolio composed of
six stocks, and there is a stock with a negative return in the
short selling investment; it is 2347, which is the green line in
Fig. 18.

The portfolios are chosen automatically by GNQTS, and if
the first rank stock is included or the negative return stocks
are excluded, it does not elevate the trend ratio in these
examples. Therefore, the solution space cannot be reduced
by any assumption; otherwise, the optimal portfolio will be
excluded.

3) THE SAME COMPONENTS’ STOCK IN THE LONG SELLING
AND SHORT SELLING INVESTMENTS

Furthermore, our method can identify the long selling port-
folio and the short selling portfolio separately. In the exper-
imental analysis, this paper finds that some stocks may be
in both the short selling and long selling portfolios during
the same period. Our proposed method does not set any
constraints when searching the portfolio combination. The
effective metaheuristic algorithm, GNQTS, can help us find
a stable uptrend or downtrend portfolio when assessing the
trend ratio. Regardless of whether a stock with a positive
or negative return is acceptable, all of the stocks in the
portfolio that GNQTS searched are needed to construct a
stable, profitable portfolio. There are some different situa-
tions when having the same stock in both short and long
selling portfolios. In Fig. 19 and 20, there is an overlapping
stock, 2412 (Chunghwa Telecom). Chunghwa Telecom is one
of the largest communication companies in Taiwan, and its
trend is more stable than that of other stocks. Therefore,
both long and short selling portfolios contain 2412 to reduce
portfolio risk, forming a portfolio with a stable trend with
less volatility. Because the stock number of the long and
short selling portfolio is different, 2412 is allocated a different
amount of money. The increases and decreases in 2412 are the
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FIGURE 19. The long selling portfolio is composed of eight stocks from
Q3 2011 to Q2 2012 of Y2H. The red line is the portfolio trend, and the
navy blue trend is 2412 (Chunghwa Telecom), and its stable and flat trend
can reduce the portfolio risk.
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FIGURE 20. The short selling portfolio is composed of three stocks from
Q3 2011 to Q2 2012 of Y2H. The same stock in the long portfolio is 2412,
the navy blue line. Its trend is more stable and flatter to reduce portfolio
risk.

same in the long and short selling portfolios. The following
examples of the same components in both the long and short
selling portfolios are the same situation; they actually have
the same increases and decreases.

Another example of the long and short component analysis
is shown in Figs. 21 and 22. In the Q2Q sliding window, there
is an overlapping stock 2498 (HTC) in both the long and short
selling portfolios in the fourth quarter (Q4) of 2013. Fig. 21
is the long selling portfolio that contains 8 stocks in the
portfolio, and 2498 is an uptrend stock to increase portfolio
return. In Fig. 22, the navy blue line, 2498 with a negative
return, is also present in the short selling portfolio, and 2498 is
selected to lower risk in this situation. Because the trend
ratio considers return and risk simultaneously, both kinds of
stocks for elevating return and for reducing risk are needed
in the portfolio to formulate a stable uptrend or downtrend
in the long or short selling portfolio. Because our method
does not provide any constraints, the collocation of the stocks
is automatically chosen by the evolutionary algorithm. The
algorithm will select the best combination to obtain the high-
est trend ratio and formulate a stable uptrend and downtrend
portfolio. Thus, all the combinations are possible, and the
optimal solution can be identified. Regardless of whether the
stock has a positive or negative return, once collocation with
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FIGURE 21. The long selling portfolio is composed of 8 stocks during the
fourth quarter, October to December 2013 of Q2Q. The overlapping stock
is 2498 (HTC), and its trend is different from other stock of the
constituents; therefore, 2498 can counteract the risk with others stock
and increase some return.
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FIGURE 22. The short selling portfolio is composed of 7 stocks from
October to December 2013 of Q2Q. The same stock with the long selling
investment is a negative return on stock 2498 in short selling; thus, it can
counteract risk with other stocks, and the trend of 2498 is relatively
flatter than others to reduce risk.

other stocks can derive a stable portfolio, the stock will be
chosen. Furthermore, the deposit aims to break even when the
stock market is decreasing; however, this paper finds that the
deposit can retain funds and reduce risk. It can further elevate
the daily expected return per unit daily risk.

VII. CONCLUSION

This paper proposes the trend ratio to assess uptrend and
downtrend portfolios more accurately through the trend line.
The trend ratio follows the spirit of the Sharpe ratio to cal-
culate the return and risk with division. However, the risk
in the trend ratio is the deviation from the trend line, and
it renders the stable uptrend portfolio with low volatility
more consistent with the expectations of investors. Hence,
the trend ratio is a remarkable indicator that outperforms the
traditional portfolio optimization model. In addition to long
selling, this paper adopts short selling as another investment
method. Undertaking long and short selling simultaneously
can increase profit and spread risk. In addition, this paper
combines the deposit as an investment choice. The result
shows that including the deposit can spread risk. Since this
paper does not limit the number of stocks in a portfolio, the
solution space is too massive to be exhausted. This paper uses
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GNQTS to find the best combination of stocks in a com-
plicated solution space. The paper uses 13 types of sliding
windows to keep training data fresh and avoid underfitting
and overfitting problems. For some industries that undergo
economic cycles, this paper includes year-on-year sliding
windows. The experimental result finds that the best length
for investment is M2M in the trend ratio assessment. Fur-
thermore, the experimental results show that the trend ratio
can truly derive better performance than the Sharpe ratio.
The portfolio selected by the trend ratio can form a stable
uptrend. The results also prove that investing in a portfolio
can simultaneously spread risk and increase profit in short
selling, providing scientific proof for not putting all of one’s
eggs in one basket. Furthermore, the experimental results also
show that the solution space cannot be reduced arbitrarily.
The first ranked stock is not necessary, and negative return
stock is also necessary for some circumstances in both long
and short selling portfolios. The trend ratio considers both
the return and risk; therefore, the best portfolio assessed by
the trend ratio is on the efficient frontier. As a result, the
proposed method can select a stable uptrend and downtrend
portfolio. In the experiment results, the selected portfolio
shows promising results in comparison to the Sharp ratio.
In our future work, considering the money management in
our proposed method is an important issue to diversify the
investment more generally than the equally weighted funds.
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