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Abstract: As the complexity of financial markets increases, traditional portfolio optimization methods face significant 
challenges. Machine learning, as an effective data analysis tool, has gained widespread application in portfolio optimiza-
tion in recent years. This paper explores machine learning-based portfolio optimization methods, analyzing the application 
of supervised learning and reinforcement learning algorithms in asset allocation, and compares them with the traditional 
mean-variance approach. The results indicate that machine learning optimization can significantly improve expected returns 
while controlling risk. However, challenges such as data quality and model complexity still persist in practical applications. 
This paper also looks ahead to the future development directions of machine learning in portfolio optimization, including 
improving stability, real-time performance, and interpretability.
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1. Introduction
Portfolio optimization is a core issue in modern finance, aiming to maximize returns by rationally allocating asset

proportions while controlling risk. The traditional mean-variance approach has limitations in handling uncertainty, nonlinear 
relationships, and high-dimensional data. In recent years, machine learning has become an important tool in portfolio 
optimization due to its advantages in handling complex data and nonlinear problems. This paper explores machine learning-
based optimization methods, analyzes the application of different models in asset allocation, and presents practical cases to 
showcase the potential and challenges of improving portfolio performance.

2. Basic Concepts and Methods of Portfolio Optimization
2.1 Definition and Significance of Portfolio Optimization

Portfolio optimization aims to achieve maximum returns by rationally allocating the proportions of different financial 
assets while controlling risk. The mean-variance model proposed by Harry Markowitz reveals the relationship between risk 
and return, laying the foundation for portfolio optimization. The return of the portfolio is the weighted average of the returns 
of individual assets:
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where pR  is the portfolio return, iw is the investment weight of the i-th asset, and iR  is the return of the i-th asset[1]. 

Through optimization models, investors can achieve the optimal allocation at a given level of risk. Portfolio optimization not 
only enhances returns but also effectively reduces the risk associated with the volatility of individual assets, making it widely 
applicable in fields such as funds, securities, and insurance.

2.2 Traditional Portfolio Optimization Methods
Traditional portfolio optimization methods are based on the mean-variance model in Modern Portfolio Theory (MPT). 

This model assumes that asset returns follow a normal distribution and optimizes the portfolio using information such as 
expected returns and the covariance matrix of assets, aiming to maximize returns at a given level of risk. The risk of the 
portfolio is represented by the variance:

2 T
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where Σ is the covariance matrix of asset returns, and w is the weight vector of the assets. By minimizing risk or 



Modern Economics & Management Forum 174 | Zibin Huang

maximizing the Sharpe ratio, investors can choose an appropriate asset combination. Although this method is theoretically 
sound, it heavily relies on historical data and the normal distribution assumption, which often leads to instability in real-
world applications, especially in highly uncertain market environments.

2.3 Application of Machine Learning in Portfolio Optimization
With the development of big data and artificial intelligence, machine learning has been introduced into portfolio 

optimization. Compared to traditional methods, machine learning can handle complex nonlinear relationships and high-
dimensional data, offering greater adaptability and predictive power. By training on historical data, machine learning models 
can predict key metrics such as asset returns and risks, further optimizing the portfolio[2]. Common machine learning methods 
include supervised learning, unsupervised learning, and reinforcement learning. Supervised learning predicts future returns 
based on known data, while reinforcement learning optimizes asset allocation through interaction with the environment. 
Data analysis shows that machine learning optimization models significantly improve the risk-adjusted returns of portfolios.

3. Machine Learning-Based Portfolio Optimization Models
3.1 Overview of Machine Learning Algorithms

Machine learning is a technique that enables computers to learn from data and make predictions or decisions through 
algorithms. In portfolio optimization, machine learning can analyze historical data, identify patterns and relationships, and 
provide guidance for asset allocation. Common algorithms include regression analysis, support vector machines (SVM), 
random forests, and neural networks. Regression analysis is widely used for predicting asset returns, support vector machines 
are employed for classification tasks, and neural networks are suitable for handling nonlinear problems. Reinforcement 
learning, on the other hand, continuously optimizes asset allocation strategies through feedback, enabling investors to make 
more accurate decisions in complex market environments.

3.2 Application of Supervised Learning in Portfolio Optimization
Supervised learning in portfolio optimization is primarily used to predict asset returns and risks based on historical data. 

Regression analysis models can predict the future return rates of assets, while support vector machines are applied to market 
trend prediction. The advantage of supervised learning lies in its ability to train on labeled data, providing precise prediction 
results. The quality and quantity of data are crucial to the model’s performance, as biases or incompleteness in historical data 
may lead to overfitting, thus affecting the accuracy of predictions.

Figure 1. The Application Process of Supervised Learning in Portfolio Optimization

3.3 Application of Reinforcement Learning in Portfolio Optimization
Reinforcement learning is a machine learning method that optimizes decision-making through a reward mechanism. 

In portfolio optimization, reinforcement learning models interact with the market environment, receive feedback signals, 
and adjust asset allocation strategies to maximize returns. Taking the Q-learning algorithm as an example, the model selects 
the optimal investment strategy based on the market state and continuously improves by receiving rewards or penalties 
from the investment outcomes. Compared to supervised learning, reinforcement learning has the advantage of not relying 
on large amounts of labeled data and can self-learn and adjust in real-world environments. Despite its immense potential, 
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reinforcement learning faces challenges such as high computational resource consumption and long training times. Improving 
the efficiency of algorithms remains a key research focus.

Table 1. Comparison of Traditional Methods and Machine Learning Methods

Method Advantages Limitations

Traditional Optimization 
Methods Complete theoretical foundation, wide applicability

Assumptions are overly simplified, reliant on 
historical data, difficult to handle nonlinear 

relationships

Supervised Learning Can handle large-scale data, high prediction 
accuracy High data quality requirements, prone to overfitting

Reinforcement Learning No need for labeled data, self-learning optimization 
strategy

Complex training process, high computational 
load, poor adaptability

4. Data and Model Analysis
4.1 Data Collection and Preprocessing

In portfolio optimization, data collection and preprocessing are fundamental and critical steps. Commonly used financial 
data include historical prices, trading volumes, and financial reports for stocks, bonds, funds, etc. To improve prediction 
accuracy, data needs to be cleaned and normalized by removing irrelevant data or missing values, in order to avoid any 
negative impact on model training. Standardization is a common preprocessing method, ensuring that the returns of all assets 
are compared on the same scale. Suppose the return rate of a particular asset is '

tR , its standardized return rate can be 
calculated using the following formula:
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where µ is the mean return of the asset, and σ is its standard deviation. After standardization, the volatility of different 
assets is unified, which is helpful for subsequent modeling. The quality of the data directly affects the model’s performance, 
so data cleaning, missing value imputation, and standardization are crucial to avoid data anomalies or inconsistencies 
affecting model accuracy.

4.2 Feature Selection and Model Training
Feature selection is the core task in constructing a portfolio optimization model. By selecting highly correlated features 

that effectively represent market trends, the predictive ability and efficiency of the model can be improved. Common features 
include stock prices, returns, volatility, and price-to-earnings ratios. In model training, the first step is to construct training 
and test sets, then use supervised learning models (such as regression analysis, support vector machines, etc.) for training to 
predict asset returns. During the training process, mean squared error (MSE) is used as the loss function to evaluate the 
quality of the prediction results. Assuming the actual return of an asset is trueR  and the predicted return is predR , the calculation 

formula for MSE is:

0 1 1 2 2 n ny X X Xβ β β β= + + + +

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Through training, the model will automatically adjust parameters to optimize asset allocation, maximize expected 
returns, and control risk. Table 2 displays the performance of different models in training, including prediction errors, 
training times, and other metrics.

Table 2. Training Performance of Different Models

Model Mean Squared Error (MSE) Training Time (Seconds) Prediction Accuracy (%)

Linear Regression 0.022 0.12 85.6

Support Vector Machine 0.018 0.32 88.4

Random Forest 0.015 1.15 90.2

Neural Network 0.01 3.45 92.1
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4.3 Model Evaluation and Results Analysis
After model training is completed, evaluating its performance is an important step in portfolio optimization. Common 

evaluation metrics include Mean Squared Error (MSE) and the coefficient of determination, which are used to assess the 
model’s predictive ability. The coefficient of determination reflects the correlation between the model’s predicted values and 
actual values, representing the model’s goodness of fit. Assuming y is the actual return and y



 is the predicted return, the 
formula for calculating the coefficient of determination is:
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where y


 is the mean of the actual returns. A higher 2R  value indicates that the model fits the data well and can 

effectively predict future asset returns. In addition to evaluating prediction accuracy, the model’s stability and interpretability 
are equally important. A model that performs well on historical data may not perform as effectively in future markets, so 
continuous validation and optimization are necessary. Especially in the financial sector, the interpretability of a model is 
crucial for investors and regulatory agencies.

5. Practical Applications and Future Prospects of Portfolio Optimization
5.1 Case Study Analysis

Machine learning-based portfolio optimization has been widely adopted in practical applications. For example, a certain 
asset management company successfully optimized its fund asset allocation by using a hybrid model of Random Forest and 
Neural Networks. The model was trained on historical data and was capable of automatically adjusting the allocation of 
stocks, bonds, and cash based on market conditions. During bull markets, the model increased the weight of stocks, while 
during bear markets, it increased the allocation to bonds and cash. This dynamic adjustment strategy maintained high returns 
and reduced risks across different market environments[3]. After empirical analysis, the optimized portfolio achieved an 
annualized return of 12.5% over five years, significantly higher than the 8.3% return from the traditional mean-variance 
approach. The fund also achieved a lower maximum drawdown during the optimization process, highlighting the advantage 
of machine learning in risk control. This case demonstrates that machine learning can not only enhance portfolio returns but 
also achieve more stable performance in volatile markets.

5.2 Challenges and Limitations of Portfolio Optimization Models
Although machine learning-based portfolio optimization holds great potential, it still faces numerous challenges and 

limitations in practical applications. The complexity of the market makes it difficult for any model to accurately predict all 
possible market fluctuations. Machine learning models rely heavily on large volumes of historical data, which may not fully 
capture future market changes, leading to potential significant deviations in predictions[4]. The quality and completeness of 
the data have a significant impact on the model’s performance. In real-world markets, data often contains noise and missing 
values, making data processing a critical issue. The computational complexity of models, particularly reinforcement learning 
models, requires substantial computational resources and time, limiting their practical use in investment applications. 
Therefore, despite the theoretical advantages of machine learning models, many challenges still need to be overcome in 
practical implementation.

5.3 Future Research Directions and Development Trends
With the advancement of technology, research in portfolio optimization will move towards greater intelligence 

and automation. Future research will focus primarily on aspects such as model robustness, real-time capabilities, and 
interpretability. To enhance model stability, researchers will explore new feature selection methods and the integration of 
multimodal data to improve the model’s adaptability in different market environments. With the rise of quantitative trading 
and high-frequency trading, machine learning models will need to make decisions in much shorter time frames, making real-
time capabilities a crucial area of study[5]. As investors and regulatory agencies increasingly demand greater transparency 
and interpretability in financial models, designing machine learning models with strong interpretability will become an 
important research topic for future portfolio optimization.



Volume 6 Issue 2 | 2025 | 177 Modern Economics & Management Forum

6. Conclusion
This paper explores machine learning-based portfolio optimization methods, focusing on the applications of supervised

learning and reinforcement learning in actual investments. Through theoretical analysis and empirical research, we find 
that machine learning can significantly enhance the risk-adjusted returns of a portfolio, especially in complex market 
environments. While machine learning offers advantages in optimizing asset allocation, challenges such as data quality, 
model stability, and computational resources remain. Future research could focus on improving model adaptability, real-time 
capabilities, and handling noise and uncertainty in financial markets to better support investment decision-making. With the 
advancement of technology, the prospects of machine learning in portfolio optimization are promising.
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