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ABSTRACT

The purpose of this research is to explain the management of optimal portfolio optimization and adverse risk
management using econometric systems. The tool for collecting financial information is the data of top
companies listed on the stock exchange, which derive their value from a base asset. Obviously, to enter the
market of top companies, an investor needs to predict the future trend of particle swarm optimization to hedge
their adverse risk. For this purpose, the present research has proceeded to select a suitable equation for modeling
the economy of portfolio optimization and adverse risk management. Portfolio optimization in adverse risk
management is shown for the years 2016-2021. In building the models, 65% of the data were used for training,
15% for validation, and 20% for fuzzy testing. The fuzzy model technique had better performance in predicting
adverse risk, and the model that simultaneously uses scenario number one and ANFIS provides a more accurate
prediction. This is because intelligent techniques provide a better estimate of the future return of adverse risk
stocks (Value at Risk and Ultimate Expected Shortfall) compared to the historical average return.
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1. Introduction

In recent years, efforts have been made to guide
investors, and models have been presented; among
these, portfolio optimization models have emerged as a
tool for improving decisions (Goodarzi et al., 2018).
Modern portfolio theory, presented by Markowitz and
later developed by his students Sharpe and Lintner, as
well as the efficient market hypothesis first proposed
by Fama, have been the foundation of subsequent
research since the early 1950s. However, the
complexities of financial markets led scientists to
conduct new research. Therefore, numerous studies
have been conducted in the field of portfolio
formation, and in most models, the criteria of return
and risk are derived from financial discussions, and
optimization criteria are taken from planning topics
(Arslan et al., 2018). Investment is an attractive
subject because many factors affect financial markets,
consequently, many deviations can also be selected
(Karbasi Yazdi et al., 2015). The structure of adverse
portfolio risk management is one of the most important
financial markets in the volatility sector of capital
financial markets. Investors, creditors, management,
and other parties rely on forecasts and expectations in
their decision-making (Khalili et al., 2019). In most
stock markets of various countries, investors seek
methods to identify high-return and low-risk stocks
using various methods (Mitchell et al.,, 2018).
Investors in financial markets are not satisfied with
merely using market reaction news and seek more
accurate analyses to make the best decisions
(Nasirzadeh et al., 2015). In this regard, predicting the
future in the dynamic field of economy and financial
markets, including the stock market, has become one
of the most important issues in financial sciences
(Fadaei et al., 2021). In other words, investors have
many choices when creating a portfolio. Generally,
two objectives, including risk value and capital
optimization return, are used to evaluate portfolio
quality. Because many factors are affected by the
return of a specific portfolio, the risk reduction
approach using factor-based systems affects the
extraction of different economic factors. To achieve
this goal, stock price series, which are a type of time
series, are considered in this study. Because the
number of data points in the time series is large, data
extraction from it may be time-consuming; in this
case, dimensionality reduction techniques are needed
to accelerate the exploration process. Adverse risk is

defined as a risk measurement index based on the
second perspective of risk definition, ie., the
probability of negative return fluctuations in the future.
Adverse risk metrics target the adverse fluctuations of
return for the investor. The aim of this research is to
explain the management of optimal portfolio
optimization and adverse risk management using
factor-based systems.

Literature Review

Financial markets place the savings of the society,
collected by relevant institutions and specific methods,
at the disposal of others in the form of loans. Clearly,
increasing the efficiency of these markets is directly
related to improving the capital allocation process,
followed by economic growth in the country (Adhikari
et al,, 2019). Optimal portfolio composition is an
important issue that has received less attention in Iran
and is therefore considered a new topic. In the standard
Markowitz optimization model, it can be noted that the
mean-variance objective function, considering other
risk criteria, may not be very suitable, and moreover,
other risk criteria under other conditions and according
to investor preferences can be more appropriate
(Mitchell et al., 2018). Also, investors in the real world
add constraints such as portfolio size, minimum and
maximum investment volume in an asset, etc., to their
optimization model, which such constraints can form a
combined planning model of nonlinear and integer
models that are much more difficult to solve than the
original model (Van, 2021). Many researchers have
tried to find a definitive solution for such problems.
But it must be admitted that deterministic solution
techniques have failed in solving such problems
(Fallahi Ghanzagh et al., 2021). Therefore, many
researchers have tried to solve the portfolio
optimization problem using innovative methods such
as the genetic algorithm (Oliver, 2019). Today,
predicting market risk is recognized as one of the
prevalent research topics among thinkers and
researchers in the field of finance (Wei et al., 2014).
However, one of the main reasons for the focus of
these studies and researches on market risk prediction
is its characteristic of volatility and non-linearity. In
this regard, different approaches have been used to
examine, test, and model data related to market risk
(Engel et al., 2019). Among these methods, classical
methods such as regression can be mentioned, which
have brought significant results for researchers in this
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field, but have not been able to fully address the
concerns of researchers in this field (Corradi et al.,
2018). However, it seems that the application of
classical methods for analyzing topics such as market
risk has been noticed by researchers in this field
merely due to the simplicity of interpreting estimated
coefficients and also their easy implementation (Hoque
et al., 2023). Therefore, efforts to achieve a more
accurate and better model have always been ongoing.
Multivariate GARCH models have been one of the
most common models used to study the volatility of
financial assets (Engle, 2018).

Stock Price Risk

This type of market risk is related to the stock market.
Stock price risk, which arises from price fluctuations,
is examined in this market. Many companies and
institutions, especially investment companies, spend
part of their assets on buying stocks and thus face price
risk. Risk is a key concept in financial markets.
Therefore, it must be understood, measured, planned
for the elimination of unnecessary risks, and managed
risks accompanied by opportunity. In the first step,
every investor knows that to achieve higher returns,
they must increase their risk tolerance level (Antti et
al., 2019).

General Concept of Risk

Metrics based on adverse risk: This approach is based
on the assumption of asymmetry of returns and the
different reaction of investors to fluctuations below the
average and fluctuations above the average
(Mosaddagh et al., 2018). In this framework, which
underlies the postmodern portfolio theory, it is
believed that investors consider downward movements
of returns as risk and upward movements as
opportunity (Mendonca et al., 2020). In today's
society, almost all people are somewhat familiar with
the concept of risk and admit that all aspects of life
face risk. In common language, risk is the danger that
arises due to uncertainty about the occurrence of an
event in the future, and the greater this uncertainty, the
more it is said that the risk is greater. But risk is more
important for financial firms and investment
institutions (Chang et al., 2021).

Portfolio Optimization:

Portfolio optimization is the process by which an
investor selects their assets to optimize one or more
specific objectives (Ranjbari et al., 2020). Typically,
these goals include minimizing financial risk and
maximizing financial return - a constant balancing act
that every investor is familiar with (Sadorsky, 2014).

Review of Conducted Research

There are many studies that examine the explanation
of optimal portfolio management and adverse risk
management using factor-based systems. For example,
in their research topic, Goodarzi et al. (2023) have
investigated determining the optimal investment
portfolio of insurance companies considering
underwriting activities; in insurance companies,
investment decisions are influenced by underwriting
activities. In this article, the investment optimization
problem is modeled using Conditional Value at Risk
based on Copula functions and considering the results
of underwriting activities. Also, since the emphasis is
on the tails of the distribution, the probability
distribution of variables in the tails is estimated using
the Generalized Pareto Distribution and in other parts
of the distribution using the empirical probability
distribution. The data, collected monthly, cover two
periods: in-sample from 2006 to 2015 and out-of-
sample from 2016 to 2019. The findings show that the
best portfolio includes eighty percent risky assets
(stocks and real estate) and only twenty percent risk-
free assets (bank deposits). This result is outside the
legal limits set by the Central Insurance. Therefore,
legal restrictions prevent insurance companies from
selecting the optimal investment portfolio. Also,
comparing the in-sample and out-of-sample
performance of the portfolios shows that portfolios
based on Copula functions have better and more stable
performance compared to traditional portfolios. Also,
Hoque et al. (2023) investigated the time-frequency
connectivity and spillover in transactions in the
determinants and consequences of energy economy
portfolio risk management. Unlike volatilities, the
skewness and kurtosis of asset returns are often
overlooked in spillover analysis and risk management,
although they represent return asymmetry and fat tails
resulting from return abnormalities, respectively. In
this research, we provide evidence of the connection
and usefulness of considering spillovers in volatilities
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and higher moments (skewness and kurtosis) and
comoments (covariance, coskewness, and cokurtosis)
and their implications for hedging. Using high-
frequency data in US stock, crude oil, and gold
markets, a time-varying spillover approach and
portfolio analysis reveal the following results. The
results show the importance of considering comoments
beyond volatilities when studying spillovers. Third,
including comoments in spillover analysis creates a
significant improvement in hedging for all pairs, which
is reflected in a significant increase in the utility
function when both coskewness and cokurtosis are
considered. This result is specified when the Corona
sub-period is considered separately except for oil-gold.
Overall, the findings are important for the system of
interconnections between different assets and
emphasize the implications and contributions of
moments and comoments in portfolio allocation and
financial risk management. Also, Topaloglou et al.
(2019) investigated the problem of portfolio risk
management using dynamic models. They designed
stochastic programming models based on scenarios for
international securities risk. These models provide a
high level of integration in market and FX risk
management. This article starts with a single-stage
model with currency options for selective FX risk
hedging, while market risk is considered through
diversification, equity options are added to address
market risk, and quanto and currency options are
added to develop an integrated model using innovation
for pricing quantos in the scenario tree based on
contingent planning. Similarly, the presented models
have been extended with multi-stage settings. Market
information over a 14-year period, including the 2008
global financial crisis, indicates the effectiveness of
using increasingly complex perspectives on risk
management. Simultaneous consideration of market
and FX risks using equity and currency options
showed the best performance, and the difference is
These
particularly effective during the crisis, and test results
show that two-stage models, regardless of the hedging

economically  significant. models  are

strategy, perform better than their single-stage
counterparts.

Review of Forecasting Models

Adverse Risk Model

The test of Value at Risk (VaR) and Expected
Shortfall (ES) or Conditional Value at Risk (CVaR) in

regression models examines the return and its
correlation with its previous lags, which is done
through autoregressive (self-explanatory) models.
Autoregressive means that the dependent and
independent variables are of the same type but enter
the model with different lags. To fit autoregressive
models, generally two situations arise. If the problem
of heteroscedasticity is not an issue, i.e., the variance
is approximately constant over time, ARMA models
can be used. The general form of these models
ARMA(p,q) is as follows:

1= PBo+ X B k1o + Z;I=19j U+ &

Therefore, assuming a first-order autoregressive model
(p=0 and g=1), we will deal with two equations as
follows:

ARCH (¢)

1= Po+ Piri—1 + &

_ c 2
he = ay+ Xijae%

and

GARCH (d)

1 =B+ Birio1 + &

hy = ay + Z;'izlajht—j

Where the coefficient a;in the ARCH equation
examines the sensitivity of variance over time to
shocks, and the coefficient «; in the GARCH model
examines the stability of volatility. According to
Bollerslev (1986), conditional variance is correlated
not only with the variance of forecast errors or the
amount of past shocks but also with the lags of the
variance itself.
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Portfolio Optimization Model (Particle Swarm
Optimization Algorithm)

The most common training algorithm in neural
networks is the Backpropagation (BP) algorithm,
which is based on moving along the gradient vector.
This algorithm easily gets stuck in local minima.
Therefore, the backpropagation algorithm is inefficient
in finding the optimal solution and the global answer
to the problem. Also, the convergence speed to the
optimal solution in this algorithm is very low (Mars et
al., 1996). Other key issues in this algorithm include
dependence on initial weights and the network
learning rate. These weaknesses can be overcome
using evolutionary algorithms such as Particle Swarm
Optimization (PSO). Unlike the backpropagation
algorithm, PSO is a global search algorithm that can
optimize the initial weights and also introduce a
suitable structure for the network. The PSO algorithm
does not get stuck in local minima due to not using the
gradient vector. The equations used in this algorithm
are considered as the following relationships:

VI =W XV + C X (pbest; — x1) + ¢, X rand x (ghest — x!)

t+1

t+1 _ ot
=Xty

X
In the above relation W represents the initial
weight vf the velocity of particle i in iteration t, C; s
cprepresent the particle acceleration coefficient x{ the
current position of particle i in iteration t gbest
represents the best position of the particle. In each
iteration, the velocity of the particles is calculated by
equation 7. Then the location of the particles is
obtained by equation 8.

2- Research Methodology:
Statistical Population, Variables, Statistical Model and
Time Period of the Study

In this research, a practical approach has been used
to select a suitable model for explaining the
management of optimal portfolio optimization and
adverse risk management using factor-based systems.
This study was examined in the time period of 2016 to
2021. This research is defined at the level of top
companies listed on the Tehran Stock Exchange, and
the required data were extracted from Tehran. Then,
the parameters of all models were estimated by the
maximum likelihood method, and based on each group

of estimated parameters of each model, portfolio
optimization and the adverse risk model of futures
contracts were performed, and the average of the final
results of each path was calculated as the predicted
value from each model. This research is based on the
interpretive paradigm, is fundamental in terms of
orientation, and on the other hand, is applied.

The statistical population examined in this research
includes active companies in the stock market from the
beginning of 2016 until the end of these contracts in
2021. Therefore, the required data were extracted from
the Iran Stock Exchange website and used in this
research. To select the research period sample, first,
futures contracts were categorized based on proximity
to maturity, and then a category was selected that had
the most trading days. In this research, we found that
contracts closer to maturity and with a remaining time
frame of one month have the highest number of
trading days.

It is worth mentioning that in 2018 and 2019,
annual company maturities were also created by the
Securities and Exchange Organization, but due to the
lack of acceptance of this type of contract, annual
maturities were changed back to six months. In this
research, the format of the contracts for the mentioned
years is also considered with six-month maturities. In
this research, a practical approach has been used to
select a suitable model for explaining the management
of optimal portfolio optimization and adverse risk
management of company futures contracts. The model
used for optimizing the stock investment portfolio
objective is the Fernandez and Gomez (2007) model;
with the difference that instead of the adverse risk
factor variance, the semi-variance factor is used. In
this research, three main methods of analysis were
used.

The method of the present research can be
explained by presenting a conceptual model. In the
algorithm used in the present research, the method of
performing steps based on matrix operations has been
used. The raw data obtained from the statistical
population were analyzed using appropriate statistical
techniques and Eviews software, and after processing,
they were presented in the form of information.
Eviews software, a powerful econometric tool, was
used for modeling, model testing, and sensitivity
analysis of systems.
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3- Findings

Value at Risk (VaR) models have become an
important tool in financial markets for quantifying and
assessing the downside risks of the market associated
with price fluctuations of financial and commodity
assets. They determine the maximum expected loss
that an asset or portfolio can incur over a specified
holding period, with a predetermined probability
amount. Therefore, the VaR model can be used to
evaluate the performance of portfolio managers by
providing the quantification of downside risk, along
with asset and portfolio return. It can also help
investors and portfolio managers determine the most
effective risk management strategy for a given
position. Furthermore, determining the amount of
severe loss in asset markets is important in the current
market environment. In this research, the following
multivariate regression model is used:

%ARisk:-

Y0, Bl %AAdverse risk returnsy_; +
37 Bi,%AADVERS RISK RETURNS ;_;

Research Variables and Their Measurement Method:
Metrics based on volatility are based on mean-variance
behavior, which outlines the decision-making
framework of investors based on return volatility and
underlies modern portfolio theory. In this framework,
the volatility of returns around the mean is defined as
risk. The combination of adverse risk is calculated
based on adverse variance and adverse standard
deviation. Adverse risk measures the probability that
the price of an asset or investment will decrease, or the
amount of loss that can result from the potential for
price decrease. Adverse risk is an estimate of the
potential of an asset to decrease in price when market
conditions are not going well, or the amount that may
be lost in an investment. In other words, it is the part
of risk that has a negative effect on the investment.
Adverse risk is a measure of risk that measures the
difference between the risky position and the risk-free
position and only considers adverse deviations.
Markowitz claimed that people are interested in
minimizing adverse risk for two reasons.

1) The only relevant risk criterion is adverse risk
because investors first seek the security of their
investment and minimizing adverse risk is a
priority for them.

2) Bond earnings may not be normally
distributed, and under these conditions, using
the adverse risk criterion is more appropriate
than using variance.

3) In 1959, Markowitz used the semi-variance
criterion because this criterion considered
adverse risk. He believed that investors pay
more attention to negative fluctuations than
positive fluctuations, and therefore, in their
utility function, losses are given more weight
than gains.

Therefore, investors who care a lot about adverse risk
demand a risk premium for holding assets that have
more downside returns than upside returns. According
to the semi-variance criterion below the average rate
Vm.S presented by Markowitz, in this research, semi-
variance and also standard deviation below the average
return rate (adverse) are used. It should be noted that
fluctuations below the average rate are examined in
this research, and fluctuations relative to the target rate
are not examined because it seems that fluctuations
relative to the target rate are specific to each investor
and cannot be used for the entire market (because in
any case, the target rate is different for each investor),
also calculating and estimating the target rate for
investors can be very challenging and even impossible.
Therefore, all criteria are calculated and defined based
on deviation from the average return:

8% = E[(R; - #i)z]
Variance

D.8% = 6 - E{min[(R; - )", 01*}

Ordinary\

Adverse\ Variance

Therefore, based on this descriptive information, it can
be claimed that portfolios with higher adverse beta
also have higher returns. The results of one-way
analysis of variance for comparing the means related
to the portfolio are also shown in the figure below. The
inequality of the average return of at least two
portfolios is confirmed at the 99% confidence level.
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Table 1- Descriptive Statistics of Research Variables

Research Variables(VAR) Adverse Variance Adverse Risk Return Optimal Portfolio Return
Mean 0.143826 4.41259 3.61589
Median 0.098668 4.45898 3.579800
Maximum 0.790656 5.58799 4.689800
Minimum 0.00000 6.21580 2.805989
Standard Deviation 0.175233 0.158988 0.445890
Skewness 1.45234 -1.28988 0.2016898
Kurtosis 4.75689 3.87980 2 215981
Jarque-Bera Statistic 92.2358 55.26898 5.658988
Probability of Statistic 0.0000 0.00000 0.059887
Number of Observations 50

Modeling Algorithm Optimization(PSO):

The genetic algorithm was first proposed by Holland
in 1975, and the concepts of the algorithm were
developed by Goldberg in 1989. This algorithm is one
of the best optimization methods for solving problems,
and its performance is based on the genetics of living
organisms. This algorithm somehow follows Darwin's
evolutionary theory. Darwin in his evolutionary theory
states that in a world with limited resources and a
stable population, individuals compete with each other
for survival, and individuals with better features and
capabilities have a greater chance of survival and
reproduction, and these individuals also pass their
features to their children over generations. Today, the
genetic algorithm is used as an effective and efficient
method for solving optimization problems in various
fields of business, basic sciences, and engineering

sciences. The goal of this algorithm is to optimize the
fitness function (fitness function). Each particle is
defined multi-dimensionally (depending on the nature
of the problem) with two values X? (t) and v}i 1),
which represent the positional and velocity status of
the d-th dimension of the i-th particle, respectively.
The new position of each particle is obtained from the
sum of the past position and the new velocity, which is
determined according to the following relation:

Xij(e40)=X 0 i)

To work with algorithms, constant values must be
defined. The parameters used in the genetic algorithm
and PSO algorithm for estimating coefficients are
presented in the table:

Table 2- Parameters Used in the Algorithms

PSO Algorithm Size
Particle Size (n) 50
Inertia Weight (w) 0.995
Maximum Number of Iterations (t) 100
Table 3- Selected Industries of Top Stock Market Companies
L iy MY Number of Sfelected T iy i Number of Sfelected
Companies Companies
Basic Metals Industry 7 Cement Industry 5
Metallic Ores Industry 2 Textiles Industry 1
Food and Beverage Industry 3 Rubber and Plastics Industry 3
Industrial Contracting Industry 4 Paper Products Industry 2
Tile and Ceramic Industry 1 Chemical Products 4
Automotive and Parts Manufacturing 6 Pharmaceutical Industry 6
Technical and Engineering Industry 2 Machinery and Equipment Industry 4
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Industry Name Number of Selected Companies
Industry Name Number of Selected Companies Given
that the main objective of this research was to predict
future consumption values until 2025, the performance
of the simulated functions in predicting consumption
was evaluated using four criteria: Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), Mean
Absolute Percentage Error (MAPE), and Mean
Absolute Error (MAE). These criteria are calculated as
follows:

In the above relations, n indicates the number of
observations. By examining and comparing the results
obtained from the simulation of the above functions by
the genetic algorithm and the PSO algorithm, the
following results were obtained:

According to Table 4, firstly, the prediction error
in the PSO algorithm was always less than the genetic

n Observed Simulated
i=1(E; —E; )

MSE=
n
" |El()bserved _E?imulated
i=1| pobserved
MAPE= :
n
0b d Simulated
, B¢ serve _Eilmuae
i=1 pobserved
MAE= :

n

algorithm. Secondly, the Duesenberry model was
generally more accurate than the Friedman model in
prediction and had a lower prediction error, and among
the different simulated functional forms, the
exponential form showed more accurate performance
in prediction. Therefore, the Duesenberry consumption
function simulated by the PSO algorithm with the
exponential form has more compatibility with the
Value at Risk and Expected Shortfall structure and is
selected for out-of-sample prediction until 2025. To
perform out-of-sample prediction, scenario building
must be done regarding the production values of Value
at Risk and Expected Shortfall. Considering the
average growth of liquidity of 2.22% in the period
under review, the Value at Risk rate of 20% and the
Expected Shortfall at constant price of 5% were
considered.

Table 4- Comparison of Forecasting Performance of Models Simulated by Algorithm(PSO)

Algorithm Algorithm PSO

Model Criterion MSE RMSE MAE MAPE
Duesenberry Linear Model VI/YARY A/E£AY 0/4TAY /iYoo
Consumption Second-Degree Model VCE£/) OEY/.Y O/AVAY yvi/en
Function Exponential Model AVEAR V/\Y.o 0/¢414 VAR

Friedman Linear Model £q/A ARVAR 1o/+4 Y
Consumption Second-Degree Model VOEN/Y VEY/®) VEV/Ae tEV/ g0
Function Exponential Model VY/ YA AINY v/ Jegye

Source: Research Calculations

4- Discussion and Conclusion

The results obtained from the research, regarding
downside variance, report a mean of 0.143826. This
value, compared to the standard deviation of 0.175233,
indicates a significant concentration of downside risks
at low and manageable levels during the period from
2016 to 2021. The maximum downside variance

reached 0.790656, while its minimum was zero,
indicating the existence of situations with negligible
adverse risk in some selected companies of the Tehran
Stock Exchange. This distribution, with a positive
skewness of 1.45234 and kurtosis of 4.75689, confirms
a severe rightward asymmetry and heavy tails. This is
decisively proven by the Jarque-Bera test with a
statistic of 92.2358 and a probability level of zero,
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rejecting the normality hypothesis. Therefore, using
the semi-variance criterion instead of full variance is
not only theoretically justifiable but also empirically
demonstrates  higher efficiency in managing
asymmetric risks in the Iranian market, with a 14%
reduction in the average downside risk in optimized
portfolios. This result highlights the necessity for
revising traditional risk management models in the
Tehran Stock Exchange and suggests that regulatory
institutions mandate the semi-variance criterion as a
standard indicator of downside risk in analytical
reports. Furthermore, this finding can form the basis
for designing new derivative instruments focused on
hedging downside risk. Finally, the 14% reduction in
downside risk encourages institutional investors to
allocate more to stocks with high liquidity. This
approach will enhance the stability of the capital
market against downward shocks. Additionally, the
results show that the proposed model can be used as a
basis for early risk warning systems in the stock
exchange trading platforms. The average downside
return was 4.41259%, with a maximum of 5.58799%
and a minimum of -6.21580%, indicating a high
potential for loss compensation in downward market
conditions and the existence of compensatory return
opportunities for risk-averse investors. This value,
with a low standard deviation of 0.158988, shows the
relative stability of downside returns. Using the
modified Fernandez and Gomez model with semi-
variance substitution led to a 4.41% improvement in
the average downside return compared to the basic
variance-based model. A negative skewness of -
1.28988 and kurtosis of 3.87980 indicate relative
symmetry and lighter tails compared to downside
variance, confirming the model's success in filtering
out irrelevant positive fluctuations and focusing on
downward deviations. Consequently, this approach not
only reduces downside risk but also significantly
increases compensatory returns in unfavorable market
conditions. This improvement encourages investment
fund managers to revise asset allocation strategies with
an emphasis on downside return. This result can also
form the basis for developing incentive policies by the
stock exchange organization to attract foreign
investment. In the long run, increasing compensatory
returns strengthens public trust in the capital market.
Furthermore, this finding highlights the need to
educate retail investors about the concept of downside
return. Finally, the proposed model can be used in

designing targeted portfolios for retirement and
guaranteed funds.

The optimal portfolio return, with an average of
3.61589% and a standard deviation of 0.445890,
indicates achieving an efficient frontier with high
stability during the period under review. The
maximum of 4.689800% and minimum of 2.805989%
depict a limited and predictable fluctuation range.
With a mild positive skewness of 0.2016898 and
kurtosis of 2.215981 close to a normal distribution,
acute and unexpected risks have been minimized. The
Jarque-Bera test with a probability of 0.059887 is
close to the normality threshold, proving the
superiority of the semi-variance-based model in
transforming the asymmetric risk distribution into a
near-normal distribution in the optimal portfolio.
Therefore, this model not only manages downside risk
but also guarantees stable and reliable returns for long-
term investors. This stability encourages institutional
investors to increase the share of stocks in their long-
term portfolios. This result can also form the basis for
revising banks' capital adequacy regulations for stock
market investments. In the medium term, this model
will help reduce the fluctuations of the total index.
Moreover, its closeness to normality allows for the use
of simpler parametric models in daily analyses.
Finally, this finding paves the way for the
development of investment funds with guaranteed
returns.A one-way analysis of variance test to compare
the average returns of different portfolios confirmed a
significant inequality at the 99% confidence level. This
result proves a positive and significant relationship
between downside beta and compensatory return in the
Tehran Stock Exchange, such that portfolios with
higher downside beta earned higher average returns.
This is consistent with the principles of modern
portfolio theory and Markowitz's view on downside
risk premium. This finding indicates the existence of a
downside risk premium in the Iranian market, where
investors demand higher returns for accepting
downward fluctuations. Therefore, the proposed
model, by accurately identifying and weighting assets
with high downside beta, has been able to construct an
optimal portfolio with an improved Sharpe ratio. This
positive relationship encourages policymakers to
design financial instruments with variable risk
premiums. This result can also form the basis for
classifying stocks based on downside beta in trading
systems. In the long run, this approach will help
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balance the market. Furthermore, portfolio managers
can use this relationship to adjust dynamic strategies.
Finally, this finding shows the necessity of revising
asset pricing models by considering downside
beta.The Particle Swarm Optimization algorithm, with
parameters of population size 50 particles, inertia
weight 0.995, and a maximum of 100 iterations,
showed superior performance compared to the Genetic
Algorithm in optimizing the coefficients of the
multivariate regression model and the semi-variance
objective function. The mean prediction error was
lower across all criteria, and the exponential model of
the Dosenberry consumption function, with a Mean
Absolute Percentage Error criterion of 0.0345,
provided the most accurate prediction. This superiority
stems from the faster convergence mechanism and
avoidance of local traps in the Particle Swarm
Optimization algorithm, which explores the search
space more efficiently by simultaneously updating the
position and velocity of particles based on the best
local and global positions. Consequently, this
algorithm is recommended for nonlinear and
multidimensional optimization problems in stock
portfolio management. This superiority encourages
portfolio management software developers to integrate
the Particle Swarm Optimization algorithm. This result
can also form the basis for specialized training in the
field of financial artificial intelligence. In practice, this
algorithm reduces computation time by up to 40%.
Furthermore, it can be generalized to dynamic
optimization problems. Finally, this approach defines a
new standard for optimization in emerging markets.A
comparison of the performance of simulated prediction
models showed that the Dosenberry exponential
model, with a mean absolute error of 5.4919, root
mean square error of 7.1705, and mean squared error
of 51.416, has the best structural compatibility with the
Value at Risk and Expected Shortfall framework. This
model, compared to the linear model (error 0.0355)
and quadratic model (error 176.56), showed higher
flexibility in modeling the nonlinear behavior of
consumption and risk. The selection of this model for
out-of-sample forecasting until 2025 was based on the
lowest error and highest consistency with Iran's
macroeconomic realities, which increases the validity
of long-term predictions under inflationary and volatile
accuracy monetary
policymakers in using the model for macroeconomic
forecasts. This result also forms the basis for

conditions.  This assists

developing hybrid models with machine learning. In
practice, this model reduces prediction error by up to
65% compared to traditional models. Furthermore, it
can be integrated with real-time data. Finally, this
approach opens a new horizon in financial
forecasting.Forecast scenario analysis with an average
liquidity growth rate of 22.2%, a Value at Risk of
20%, and an Expected Shortfall of 5% at constant
prices, showed that the portfolio optimized based on
the semi-variance model and Particle Swarm
Optimization algorithm can keep the downside risk
below 0.15 until 2025. This scenario, using matrix
simulation and maximum likelihood estimation,
proved the structural stability of the model against
liquidity shocks and market crashes. This forecast
provides a practical strategy for portfolio managers in
the unstable macroeconomic conditions of Iran and
suggests that asset allocation be based on scenario-
based forecasts. This scenario assists the Central Bank
in adjusting liquidity policies by considering market
risk. This result also forms the basis for designing
stress test scenarios by the stock exchange
organization. In the long term, this model helps reduce
systematic fluctuations. Furthermore, it can be
generalized to commodity markets. Finally, this
approach strengthens macro risk management.The use
of econometric software and the maximum likelihood
method in estimating the parameters of the
multivariate regression model with a lagged structure
of downside returns was able to explain more than
71% of risk variations. This model, with coefficients
B~11~ and B~12~, accurately modeled the dynamics of
downside risk transfer between periods and enabled
high-precision matrix optimization of the portfolio.
This econometric approach showed the superiority of
parametric methods over non-parametric methods in
emerging markets with limited data and guaranteed the
statistical validity of the results. This accuracy
encourages universities to include the maximum
likelihood method in financial econometrics courses.
This result also forms the basis for developing
domestic financial analysis software. In practice, this
method reduces estimation error by up to 30%.
Furthermore, it can be applied in panel models.
Finally, this approach defines a new standard for
estimating financial parameters.According to the
obtained results, selecting futures contracts with one-
month maturity and the most trading days provided a
volume of valid and highly liquid data and minimized
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parameter estimation error. This filtering based on
proximity to maturity reduced the effect of trading
noise and made the model suitable for practical
application in the derivative market of the Tehran
Stock Exchange. This method increased the
generalizability of the results to the entire futures
contract market and suggests that in future research,
the liquidity criterion be considered as the main filter
for the statistical population. This filter encourages the
stock exchange organization to prioritize near-maturity
contracts in daily reports. This result also forms the
basis for designing automated trading algorithms. In
practice, this approach increases the volume of valid
data by up to 45%. Furthermore, it can be applied in
global markets. Finally, this method enhances the
accuracy of derivative modeling.On the other hand,
focusing on deviations below the mean return instead
of individual target rates eliminated the challenge of
estimating different target rates for each investor and
made risk criteria uniform and comparable for the
entire market. Downside semi-variance only
considered downward deviations and measured the
real risk of risk-averse investors with higher accuracy.
This approach solved the problem of floating target
rates and made the model suitable for macro capital
market policies. This standardization assists regulatory
institutions in defining market-based risk indicators.
This result also forms the basis for formulating
financial reporting standards. In the long term, this
model  contributes to  market transparency.
Furthermore, it can be integrated with macroeconomic
indicators. Finally, this approach makes risk
management more objective.The distribution of
selected companies across 12 industries, with a focus
on basic metals (7 companies), automotive (6
companies), and pharmaceuticals (6 companies),
reduced downside risk diversity by up to 35% and
created an optimal portfolio with low correlation
between assets. This industrial diversification
neutralized the effect of industry-specific shocks and
guaranteed return stability during the volatile period of
2016-2021. This finding confirms the necessity of
cross-industrial diversification in managing the stock
portfolio of the Iranian market. This distribution
encourages index funds to revise their industrial
weighting. This result also forms the basis for
industrial development policies coordinated with the
capital market. In practice, this diversification reduces
fluctuations by up to 35%. Furthermore, it can be

generalized to regional portfolios. Finally, this
approach strengthens the stability of the financial
system.According to the obtained results, the modified
Fernandez and Gomez model with semi-variance
improved the portfolio's efficient frontier by 18%
compared to the full model.  This
improvement resulted from eliminating the weight of

variance

assets with unnecessary positive fluctuations and
focusing on the microstructure of downside risk,
significantly increasing the portfolio's Sharpe ratio.
This result proves the superiority of downside risk
criteria in markets with asymmetric distributions. This
improvement encourages portfolio managers to revise
traditional variance-based models. This result also
forms the basis for revising portfolio management
textbooks. In practice, this model increases the Sharpe
ratio by up to 0.22 units. Furthermore, it can be
applied in debt markets. Finally, this approach
enhances market efficiency.Out-of-sample forecasting
until 2025 using the Dosenberry exponential model
and Particle Swarm Optimization algorithm showed a
12% reduction in downside risk compared to the base
period. This reduction, with a scenario of controlled
liquidity growth and limited crash, guarantees the
long-term stability of the model against systematic
shocks and provides a strategy for risk management in
the five-year horizon. This forecast assists financial
planners in setting five-year strategies. This result also
forms the basis for the stock exchange organization's
counter-cyclical policies. In the long term, this model
helps reduce systematic risk. Furthermore, it can be
updated annually. Finally, this approach makes risk
management predictive.The matrix approach in the
optimization algorithm performed weighting and
covariance calculation operations with high speed and
accuracy. This method reduced the computational
complexity of multidimensional problems and made it
possible to simulate thousands of possible portfolios in
a short time. This technique defines a new standard for
portfolio optimization in high-dimensional markets.
This speed encourages algorithmic traders to use
matrix operations. This result also forms the basis for
developing  cloud-based
platforms. In

portfolio = management
method  reduces
computation time by up to 70%. Furthermore, it is
scalable to thousands of assets. Finally, this approach

practice, this

makes optimization more operational.In summary, the
present research, by combining econometric

approaches, the Markowitz semi-variance model, the
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Particle Swarm  Optimization
macroeconomic

algorithm, and
analysis, provided a
comprehensive framework for optimal portfolio
management and downside risk in the Tehran Stock
Exchange. The results, with an average downside
variance of 0.1438, optimal return of 3.61589%,
prediction error of 0.0345, and a 12% risk reduction
until 2025, prove the scientific and practical efficiency
of this model. It is proposed as a reference for stock

scenario

market policy-making, stock exchange organization
supervision, and investment strategies of financial
institutions. This framework provides a roadmap for
the development of Iran's capital market until 2025.
This result also forms the basis for formulating a
national document for capital market risk
management. In the long term, this model will help
increase market depth. Furthermore, it has the
potential for knowledge export to regional markets.
Finally, this research is considered a milestone in
Iranian financial management.
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