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Abstract:

The objective of this study was to develop a multi-period portfolio optimization model under uncertainty that simultaneously
incorporates dynamic investor risk preference, Value at Risk (VaR), and minimum trading constraints to improve investment
decision-making and risk management over a multi-period investment horizon. This study was an applied quantitative
research based on mathematical modeling and portfolio optimization. The proposed model formulated asset returns within
a multi-period uncertain environment, and the objective function was designed to maximize expected wealth while
controlling risk through the VaR criterion. To reflect realistic investor behavior, risk preference was modeled dynamically
across different time periods. In addition, a minimum trading constraint was incorporated to reduce transaction costs and
avoid unnecessary portfolio reallocations. Real monthly financial data from ten major companies listed on the Tehran Stock
Exchange during the period from 2018 to 2026 were extracted from the Rahavard 365 database. Due to the nonlinear and
complex structure of the optimization model, a genetic algorithm was employed as the metaheuristic solution approach in
MATLAB. The model performance was evaluated using sensitivity analysis and risk—return performance indicators. The
findings demonstrated that the proposed model successfully established a balance between expected return and investment
risk. The optimal portfolio achieved an expected return of 0.101 with a standard deviation of 0.187, while the VaR at the 95%
confidence level was estimated at —0.208. Sensitivity analysis revealed that increasing the confidence level reduced portfolio
risk while slightly decreasing expected return. Moreover, higher levels of risk aversion increased the allocation toward low-
risk assets and reduced portfolio volatility. The results also indicated that relaxing the trading constraint improved expected
return but increased portfolio turnover and risk exposure. Furthermore, the convergence behavior of the genetic algorithm
confirmed that the algorithm effectively converged toward a stable and near-optimal solution. The results indicate that the
proposed multi-period portfolio optimization model, by incorporating dynamic risk preference, VaR, and minimum trading
constraints, provides an efficient and realistic framework for portfolio management under uncertainty. Additionally, the use
of the genetic algorithm improved solution quality and enabled the identification of optimal investment allocations over a
multi-period horizon.
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Extended Abstract

Introduction

Portfolio optimization has long been recognized as one of the most important topics in quantitative finance and
investment management. Since the introduction of the modern portfolio theory, researchers have continuously attempted
to improve the process of asset allocation under uncertain market conditions. Traditional portfolio optimization models
mainly rely on the trade-off between expected return and variance, assuming stable market structures and constant investor
preferences. However, real financial markets are highly dynamic, uncertain, and influenced by behavioral, economic, and
technological factors that continuously reshape investment decisions. Consequently, conventional static portfolio models are
often unable to provide effective investment strategies in volatile and uncertain environments (Acciaio et al., 2024; Moreira
et al.,, 2025).

One of the major weaknesses of classical portfolio models is the assumption that investor risk preferences remain
unchanged over time. In practice, investors modify their level of risk tolerance according to market performance, economic
expectations, and previous investment outcomes. Therefore, dynamic risk preference has become an important concept in
contemporary portfolio management research. Recent studies have emphasized that adaptive and time-varying risk
preferences can significantly improve the realism and efficiency of portfolio optimization frameworks (Cha, 2025; Yu et al.,
2025). In addition, advanced machine-learning-based investment systems and inverse optimization approaches have enabled
researchers to infer investor behavior more accurately and incorporate behavioral adaptation into financial decision-making
models (Liang et al., 2023; Wang et al., 2021).

Another important challenge in modern investment environments is market uncertainty. Financial markets are affected
by macroeconomic shocks, geopolitical instability, inflation, environmental risks, and technological disruptions. As a result,
deterministic optimization approaches may fail to capture the true nature of investment risks. To address this issue,
stochastic, robust, and ambiguity-aware optimization models have been increasingly applied in portfolio management
(Hansen & Miao, 2022; Pham et al., 2021). These approaches allow investors to manage uncertainty more effectively and
design portfolios that are resilient against unfavorable market conditions. Multi-stage stochastic programming and robust
optimization techniques have therefore emerged as effective tools for handling uncertain financial environments (Albagami,
2025; Silva et al., 2021).

The importance of multi-period portfolio selection has also increased substantially in recent years. Unlike single-period
models, multi-period approaches recognize that investment decisions evolve over time and that portfolio rebalancing
decisions in one period influence future wealth trajectories. Researchers have shown that multi-period optimization
frameworks can provide superior long-term investment performance and better risk control compared to static approaches
(Jiang et al., 2023; Peykani et al., 2023). Furthermore, dynamic portfolio structures enable investors to adapt to changing
market conditions and improve investment sustainability over extended horizons (Jin et al., 2023; Long & San-yun, 2023).

In parallel with the development of dynamic investment strategies, risk measurement techniques have evolved
considerably. Variance-based measures are often criticized because they penalize both upward and downward fluctuations
equally. Investors, however, are mainly concerned with downside risk and potential losses. Consequently, Value at Risk (VaR)
and Conditional Value at Risk (CVaR) have become widely accepted risk measures in financial optimization models. These

indicators provide a more realistic assessment of downside exposure and improve the effectiveness of portfolio risk
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management (Ghanbari et al., 2025; Jin et al.,, 2023). Recent studies have demonstrated that downside-risk-based
optimization approaches perform more effectively in highly volatile markets and uncertain investment environments (Hu et
al., 2024; Kang et al., 2022).

In addition, technological advancements have transformed portfolio management methodologies. Artificial intelligence,
deep reinforcement learning, and robo-advisory systems have introduced new capabilities for adaptive investment decision-
making. Intelligent systems can process large volumes of financial data and generate dynamic investment recommendations
under changing market conditions (Wang et al., 2021). Moreover, recent studies on human-machine interactions in portfolio
management have highlighted the importance of integrating investor behavior and algorithmic intelligence within unified
optimization frameworks (Liang et al., 2023).

The increasing importance of sustainable finance and emerging asset classes has also expanded the scope of portfolio
optimization research. Environmental, social, and governance (ESG) considerations are now integrated into investment
strategies, while biodiversity risks and climate-related financial risks are becoming increasingly important in portfolio
management (Escobar-Anel et al., 2024; McKinney, 2026). Furthermore, cryptocurrency markets have introduced highly
volatile investment environments that require advanced robust optimization techniques for effective risk management
(Ghanbari et al., 2025).

Despite significant progress in the literature, several research gaps remain unresolved. Many existing studies focus only
on isolated dimensions of portfolio optimization such as dynamic risk, robust optimization, or multi-period allocation. Few
studies simultaneously incorporate dynamic risk preference, uncertainty, downside-risk measures, and trading constraints
into a unified optimization framework. Therefore, the present study proposes a multi-period portfolio optimization model
under uncertainty that integrates dynamic investor risk preference, VaR-based risk management, and minimum trading
constraints within a comprehensive optimization structure.

Methods and Materials

This study employed an applied quantitative research design based on mathematical modeling and portfolio optimization
techniques. The proposed framework was developed as a multi-period portfolio optimization model under uncertainty,
aiming to maximize expected portfolio wealth while controlling investment risk through a Value at Risk criterion. The model
also incorporated dynamic investor risk preference and a minimum trading constraint to reduce excessive portfolio turnover
and transaction-related inefficiencies.

The investment environment consisted of multiple risky assets and one risk-free asset. Investors were allowed to rebalance
their portfolios at the beginning of each investment period. Asset returns were modeled under uncertain conditions, and the
investor’s risk preference parameter was dynamically adjusted across time periods according to previous portfolio
performance and market conditions.

The optimization objective function was designed using a mean—VaR framework. Expected portfolio return was maximized
while portfolio risk was penalized through the VaR measure. Additional constraints included budget balance, non-negativity
of asset weights, intertemporal wealth dynamics, and trading restrictions. The minimum trading constraint was included to
limit unnecessary reallocation between consecutive periods and reduce excessive transaction activity.

Because of the nonlinear and combinatorial nature of the proposed optimization problem, a genetic algorithm was

employed as the metaheuristic solution method. Chromosomes represented portfolio allocations across multiple periods,
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while the fitness function evaluated the quality of each solution according to the optimization objective. Selection, crossover,
and mutation operators were iteratively applied until convergence criteria were satisfied.

To evaluate the practical performance of the model, real financial data from ten major companies listed on the Tehran
Stock Exchange were collected from the Rahavard 365 financial database. Monthly closing prices and return data covering
the period from 2018 to 2026 were extracted and used for model implementation. Statistical indicators including mean
return, variance, standard deviation, skewness, and kurtosis were calculated for each asset. The optimization model was
implemented in MATLAB using the Global Optimization Toolbox, and genetic algorithm parameters were tuned
experimentally to achieve stable convergence behavior.

Findings

The computational results demonstrated that the proposed multi-period optimization model successfully generated an
efficient balance between expected return and investment risk. The optimized portfolio achieved an expected return of 0.101
with a portfolio standard deviation of 0.187. The calculated Value at Risk at the 95% confidence level was estimated at —0.208,
indicating that the portfolio maintained an acceptable downside risk profile.

The first-period optimal portfolio allocation showed that assets with higher expected returns received larger portfolio
weights, while diversification was preserved to control overall portfolio risk. The third asset obtained the largest portfolio
weight due to its superior expected return characteristics. Nevertheless, the optimization process prevented excessive
concentration by maintaining diversified asset allocations.

Sensitivity analysis with respect to the VaR confidence level revealed that increasing the confidence level from 0.90 to 0.99
reduced portfolio risk while slightly lowering expected return. This result confirmed the expected trade-off between return
maximization and risk reduction under increasing investor conservatism. Similarly, analysis of the dynamic risk preference
parameter indicated that higher levels of risk aversion increased the proportion of low-risk assets within the portfolio while
decreasing expected return and portfolio volatility.

The analysis of the minimum trading constraint showed that lower trading flexibility reduced portfolio turnover and
stabilized portfolio risk. Conversely, increasing the allowable number of transactions enhanced expected return potential but
also increased portfolio volatility and transaction activity. These findings demonstrated the practical importance of
incorporating trading constraints into portfolio optimization models.

The convergence behavior of the genetic algorithm showed stable improvement of the fitness function over successive
generations. The optimization process converged toward a stable near-optimal solution, indicating the effectiveness of the
genetic algorithm in solving the nonlinear and multi-dimensional optimization problem. Furthermore, the risk—return
distribution of generated portfolios confirmed that the proposed framework successfully identified efficient portfolio
combinations under uncertain market conditions.

Discussion and Conclusion

The results of this study demonstrated that integrating dynamic risk preference, multi-period decision-making, downside-
risk management, and trading constraints within a unified optimization framework can significantly improve portfolio
management performance under uncertainty. The proposed model successfully captured realistic investor behavior and

adapted portfolio allocations according to changing market conditions and risk preferences.
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The findings further indicated that dynamic risk preference plays a critical role in determining portfolio composition and
improving investment stability. Investors with higher levels of risk aversion naturally shifted toward more conservative asset
allocations, while lower-risk-aversion structures allowed greater exposure to high-return assets. The incorporation of VaR-
based risk management also improved the ability of the model to control downside exposure in uncertain environments.

The minimum trading constraint proved to be an important practical component of the optimization structure. By reducing
excessive portfolio turnover, the model generated more realistic and implementable investment strategies. In addition, the
successful application of the genetic algorithm confirmed the suitability of metaheuristic approaches for solving complex
financial optimization problems involving nonlinear constraints and uncertain environments.

Overall, the proposed multi-period portfolio optimization framework provides a comprehensive and flexible investment
decision-making tool capable of balancing return maximization, risk control, dynamic investor behavior, and practical trading
considerations. The findings suggest that advanced dynamic optimization models can substantially improve portfolio

performance and investment sustainability in modern financial markets characterized by uncertainty and volatility.
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