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Introduction

Choosing the right investment portfolio makes people earn more profit by
investing in the right fields. Therefore, studying ways to determine the optimal
stock portfolio is of great importance and necessity. In recent decades, special
attention has been paid to the issue of stock portfolio in financial engineering.
Many researchers researched this issue and proposed models to optimize the
investment portfolio, in which they tried to improve the previous models. On the
other hand, considering that the uncertainty in the future economic conditions
plays a key role in financial decisions, especially the issues of stock portfolio
selection, stock portfolio optimization techniques should be studied along with
risk measurement and contingency planning techniques. Both in the part of
classification by machine learning algorithms to separate data and in the part of
selecting the optimal basket and portfolio, the research gap can be checked. In the
data classification part, methods such as random or random classification have
been used so far, in this study artificial intelligence method has been used, and
more importantly in the part of selecting and optimizing the capital portfolio. In
this study, it is tried to use the ability of neural network (machine learning) to
create a relationship between different variables, portfolio using machine learning
methods (support vector machine and simple Bayes) as well as value at risk and
value at conditional risk and it should be combined with the fuzzy theory, which
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has a better return than the average return of the market, and this method reveals
the innovation of the current research compared to other researches in this field.

Literature Review

Selection of a stock portfolio is a crucial aspect of investment decision-making.
Various researchers such as Bleuler et al. (2001), Huang (2012), Lin and Gen
(2007), Qiu et al. (2015), Hastie et al. (2009), Lai et al. (2006), Linoff and Berry
(2011), Goykhman and Teimouri (2018), Chowdhury et al. (2020), Wang et al.
(2002), Yamai and Yoshiba (2002), Bi and Zhang (2004), Ravi and Ravi (2017),
Zhong and Enke (2017), Schlottmann and Seese (2001), Zolfaghari and Gholami
(2021), and Wang et al. (2020) have conducted studies in this field. Their research
focuses on developing effective methods and techniques for selecting stock
portfolios. They analyze various factors such as risk, return, market conditions,
and investor preferences to optimize the portfolio's performance. The studies
explored different approaches, including utilizing mathematical models, heuristic
algorithms, and portfolio selection theories such as the Markowitz model.
Researchers have identified that real-world constraints, such as a large number of
assets and weight value limitations, pose challenges in applying precise
mathematical algorithms. Therefore, the use of heuristic algorithms has gained
significance in constructing optimal portfolios. The studies also emphasize the
importance of considering market dynamics, investor behavior, and incorporating
diverse assets to enhance portfolio diversification. Overall, the researches
conducted by these scholars contribute to the understanding and development of
effective stock portfolio selection strategies, aiming to improve investment
performance and achieve desired risk-return trade-offs.

Research Methodology

In this study, an attempt is made to design a model using the ability of neural
networks (machine learning) to establish a relationship between different
variables in order to create an optimal stock portfolio. Before delving into the
optimization of the stock portfolio, the data is first segregated and classified using
machine learning techniques. Then, the filtered data will be optimized based on
the type of available information (Raei and Beigi, 2010). The machine learning-
based models are artificial intelligence models that enable using various types of
data. The main objective of this study is to construct a decision-making model that
is integrated using machine learning techniques (support vector machine and
naive Bayes). Ultimately, it will result in an optimal portfolio (stock portfolio)
from the desired class, exposed to value at risk (VaR) and conditional value at risk
(C_VaR) measures combined with fuzzy theory. In this regard, after obtaining the
information (prices) from the official website of the stock exchange organization,
they are classified using a series of features and artificial intelligence techniques
(a filtering process is applied). These stocks are divided into two classes: positive
and negative, with the aim of creating an optimal portfolio from the positive class
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based on the risk measures, C_VaR and VaR. Finally, using the Trainer criterion,
the generated portfolios will be compared to the market returns.

Results

In the following, we will examine the results of using the examined models and
the limitations caused by them. In this research, annual risk-free return is
considered to be 23%, which is estimated at 1.9% for one month and is used in
comparisons. On the other hand, the monthly return of the market (total index) in
2023 between April and May is 17%. In Table (18), the intended outputs of the
algorithms as well as the risk metrics are ranked along with different levels of
confidence to convey a clear and specific view to the readers. It is clear that the
CVAR risk measure has a better capability and result than the VAR risk measure.
Also, the support vector machine algorithm has achieved better results.In the
analysis of the results, the actual return of the investigated stocks with the output
weight of the algorithm has been split and ranked. Finally, the efficiency of each
of the methods is compared to the market efficiency with Trainer's criterion and
is listed in Table (18).

Discussion and Conclusion

Nowadays, investors use various metrics to measure returns and risks. These
metrics are selected based on the investors' behavior in the capital market and their
level of knowledge and expertise in financial matters. The topic of utilizing risk
in portfolio analysis has been addressed, and investors, regardless of risk aversion,
have always tried to optimize the relationship between return and the risk
associated with their activities. The foundation of this research is based on two
variables: return rate and risk, along with machine learning algorithms and the use
of different risk measures. Each of these two macro variables, as well as price
prediction, are considered decision-making criteria in the investment process.
According to the obtained results, the CVaR risk measure has demonstrated better
capability and results compared to the VAR risk measure. Additionally, the
support vector machine algorithm has achieved superior results. Based on the
results, it is recommended that researchers utilize other machine learning
algorithms, both in classification and prediction, and also benefit from other risk
measures, in addition to value-at-risk and conditional value-at-risk.
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