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Abstract: The US stock market remains a focal point for both institutional and individual
investors, with portfolio optimization being a critical need. Traditional approaches to asset
allocation often rely on single models or incremental improvements, which struggle to
address the complexity and instability of financial markets. Hence, this study adopts a
model-based analytical framework to address these limitations. First, theoretical models are
collected and derived to establish the research foundation. Second, the financial market is
analyzed using quantitative data from the Yahoo Finance database. Third, econometric
models are constructed, parameters are estimated, and models are optimized. Fourth, data
visualization techniques are employed to generate analytical charts. Finally, model results are
evaluated and compared to provide investment strategy recommendations. Advanced models,
including the mean-variance model, Black-Litterman model, and genetic algorithm, are
introduced to enhance adaptability to market complexity. The mean-variance model provides
intuitive risk-return insights but relies heavily on historical data. The Black-Litterman model
incorporates investor views but overlooks asset-specific risks. The genetic algorithm offers
flexibility in handling constraints but requires significant computational resources. While
these models provide valuable insights, investors should integrate their own market
understanding to optimize portfolio decisions. This study highlights the importance of
combining model-based analysis with investor expertise to navigate financial market
uncertainties effectively.

Keywords: American stock market, Portfolio and optimization, Mean-variance model,
Black-litterman model, Genetic algorithm.

1. Introduction

It is undeniable that the US stock market is an important part of the global economy and is very
attractive to many institutional investors and individuals. A reasonable investment portfolio and
optimization are undoubtedly their biggest needs. [1] However, previous studies tend to focus on a
model or continue to deepen in a model, which has certain limitations and often causes investors to
fall into a portfolio, which may cause irreparable losses. In order to better solve social problems and
meet social needs, this paper studies the portfolio and optimization of recent hot stocks in the US
stock market.

This paper begins by compiling pertinent models and meticulously examining their formulaic
derivations. Subsequently, it delves into an in-depth analysis of the U.S. stock market, incorporating
data from trending stocks to execute the model. Through iterative refinement and enhancement of
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the model, the findings are vividly illustrated via graphical representations. The study culminates in
a comprehensive analysis and comparison of the outcomes generated by diverse models. By
studying U.S. stocks, investors can better understand market trends, price behavior, and economic
cycles to make more informed investment decisions. This paper help investors understand the
volatility and potential risks of the US stock market, help investors develop effective risk
management strategies, and protect capital [2]. As we all know, the behavior of the market is often
affected by investor psychology [3], studying the US stock market can reveal the impact of market
sentiment on price fluctuations, and help investors better grasp the market sentiment.

2.  Explore the Financial Market and Introduce Relevant Data

This paper systematically monitors authoritative financial data platforms, such as Google Finance
and Yahoo Finance, and incorporates real-time market analysis [4, 5] to select eleven representative
stocks for in-depth study. The selected sample spans various strategic emerging industries, including
finance, technology, clean energy, and the Internet, ensuring strong industry representation and
research value. To ensure the robustness and predictive accuracy of the model, the study uses nearly
four years of historical trading data for quantitative analysis, providing a sufficiently large sample to
meet statistical significance requirements.

3. Mean-variance Model
3.1. An Overview of the Mean-variance Model.

In the 1950s, Markowitz [6, 7] proposed the mean-variance portfolio model, which used the mean and
variance to measure the return and risk of the portfolio. In other words, if the expected return is given,
the portfolio with the minimum risk is obtained, or if the risk is given, the portfolio with the maximum
expected return is obtained. By introducing this model for objective data analysis, this paper can not
only provide an intuitive explanation of the trade-off between risk and return, but also consider the
correlation between assets through the covariance matrix, which can better diversify the risk.[8]

3.2. Theoretical Derivation of Mean Variance Model:

Problem Description
The goal is to minimize the risk (variance) of the portfolio:

mv‘ilncrlz3 =wlyw (1)
The constraint conditions are:
Portfolio expected return toR:
WTu =R, (2)
The weight sum of the portfolio is 1:
wT1=1 3)

Construction of Lagrange function
Introducing Lagrange multipliers y and A , the Lagrange function is:

L(w,A4Y) = WiEZw — AW —Rp) —y(W' — 1) 4

Take the partial derivative of w
Take the partial derivative of w and set it equal to 0:
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The results are as follows:
1
YW= pt 1 (6)
Represent w as a linear combination of A and y:
_ 1y Y yv-1
W=ty ()

Plug in constraints
Constraint condition 1:WTu = R,

Gz u+ls1) u=r, ®
Expand:
WS+ = R ©
Constraint condition 2:WT1 = 1
Cytu+lyt) 1=1 (10)
Expand:
SWTET+ Ty =1 (11)
Define the matrix solution equation
Definition:
A=u"Y (12)
B=pTY 11 (13)
c=1Ty11 (14)
The matrix equations are:
A
5 clfi|=[7] 15
2

The optimal weight can be obtained by solving %and % and substituting back the formula of w.

3.3. Implementation and Result Analysis of Variance Model

Initially, by systematically monitoring reputable financial data platforms (including Google Finance
and Yahoo Finance) and incorporating real-time market dynamics analysis, this research identifies 11
representative stocks. The average return and the risk-related covariance matrix of these assets are
calculated, followed by the setting of various expected returns. Using a sequential least squares
programming optimization strategy, the minimum risk level is obtained for different expected rates of
return. The median expected rate of return is then chosen as the expected return for investors, leading
to the identification of the optimal portfolio. The annualized return of the optimal portfolio is 0.235,
with its corresponding annualized risk outlined as follows. Finally, Figure 1 visually presents the
annualized returns and temporal risks associated with various portfolios. This visualization not only
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illustrates the ideal allocation of portfolio weights, as shown in Figure 2, but also enables investors to
identify the portfolio that minimizes risk for varying expected returns. Conversely, it enables the
identification of the portfolio that maximizes returns for a specified level of risk.

Efficient Frontier with Optimal Portfolio
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Figure 1: Curve of annualized return rate and annualized risk
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Figure 2: Optimal portfolio weights

Figure 1 shows the relationship between risk and return as depicted by the efficient frontier curve.
It illustrates the trade-off between annualized volatility (risk) on the X-axis and expected annualized
return on the Y-axis. The curve represents a series of portfolios that offer the highest expected return
for each level of risk, with points along the curve showing the various efficient portfolio
combinations. The region to the left of the curve indicates lower risk and return, suitable for
risk-averse investors, while the area to the right shows higher risk and return, appealing to
risk-seeking investors.

Figure 2 shows the optimal portfolio after optimization, marked by the red star (*). The portfolio's
annualised return at this point is 0.235, with an annualized risk of 0.238. The portfolio weights
corresponding to this optimal portfolio are also displayed in the figure, highlighting the asset
allocation that minimizes risk for the expected return.

4. Black-litterman Model
4.1. The Importance of Introducing the Black-litterman Model

Since Markowitz put forward the Mean-Variance (MV) portfolio theory, portfolio optimization has
emerged as one of the most concerned topics in financial decision-making optimization. The
traditional MV model constructs investment portfolios by weighing returns against risks. Although
the MV model is theoretically expected to identify the optimal investment strategy, its performance in
actual investment is often subpar. In most cases, its out-of-sample performance is inferior to the
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equal-weight strategy [9]. The key lies in the high sensitivity of the MV model to input parameters.
The MV model typically estimates the future returns and variances of assets based on historical data.
However, historical information on assets cannot fully represent future information. When the future
performance of assets deviates significantly from the past, it may lead to substantial losses [10]. In
1992, Black and Litterman [11] at Goldman Sachs proposed the Black-Litterman (BL) model. The
BL model advocates combining the market equilibrium returns with investors' viewpoints on the
assets of their investment portfolios. Since the BL model enables investors to incorporate their own
perspectives into the construction of the investment portfolio, it addresses the issue of input parameter
sensitivity in the portfolio optimization model. By introducing a prior market equilibrium investment
portfolio and subjective viewpoints through Bayesian methods, it can effectively alleviate the input
parameter sensitivity problem existing in the MV model, thereby obtaining a more robust investment
portfolio strategy [12]. In recent years, the BL model has garnered extensive attention from the
academic and financial industries. [13]

4.2. Implementation and Result Analysis of Black-litterman Model

As mentioned above, the implementation of Black-litterman's model needs to introduce investors'
views. This paper refers to the relevant news and analysis of the Nasdaq website, and introduces more
authoritative views obtained through a large number of data statistics, Here are a few ideas:

e (1) Apple (AAPL): Despite challenges like slowing demand in China, Appl’ s growth in services,
including iCloud and the App Store, continues to provide a solid foundation. Its strong ecosystem
keeps its long-term outlook positive.

e (2) Microsoft (MSFT): Microsoft has been favored by investors due to its heavy investments in
cloud computing, particularly with Azure, and its leadership in Al technology. Its robust financial
performance has made it a top pick in the market.

e (3) Alphabet (GOOGL): Google has maintained a positive investor sentiment thanks to its
dominant position in digital advertising and its expanding Al capabilities. The company’s strong
market share in search and advertising continues to attract investors.

After the introduction of these authoritative views, the results of the model operation can be
analyzed, and intuitive graphs can be given to explain, and scientific and reasonable suggestions can
be provided for investors to make investment portfolios.

Black-Litterman Adjusted Expected Returns

0.05 1
e I I

-0.15

Expected Rate of Return
1
°
i
°©

AAPL MSFT  GOOGL AMZN TSLA NVDA META PM v KO DIs
Stock

Figure 3: Black-Litterman Adjusted Expected Returns
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Optimal Portfolio

Figure 4: Optimal portfolio

Figure 3 presents the expected future returns of different stocks, derived from a combination of
historical data and investor opinion analysis. This approach not only helps investors achieve greater
long-term returns but also facilitates the early identification of potential risks for each stock,
addressing the limitations of the traditional mean-variance model that relies solely on data analysis.
To some extent, it enables better adaptation to the complexity and uncertainty of financial markets.

By integrating the expected returns shown in Figure 3 with investors' views on various stocks, the
model calculates the optimal portfolio weights, as shown in Figure 4. The results suggest that the
model is particularly optimistic about stocks in the technology sector, aligning with the current global
development trends. Investors can also incorporate more diverse personal insights to assist in making
informed and rational asset allocation decisions.

5.  Portfolio and Optimization Based on Genetic Algorithm
5.1. The Importance of Introducing the Genetic Algorithm

Genetic algorithm was first proposed by John Holland in 1970. Genetic algorithm is a bionic
algorithm, similar algorithms include particle swarm algorithm, fish swarm algorithm, cuckoo
algorithm and so on. The greatest feature of genetic algorithm is that it imitates Darwin's biological
natural selection and genetic mechanism, which is similar to natural selection and reproduction in the
process of biological evolution. There are several characteristic algorithm modules in the algorithm,
namely, natural selection module, which is used to eliminate individuals with low fitness,
reproductive module, which is used to carry out chromosome crossing and replication to cover the
original individual, and the mutation module, which is used to carry out the variation encoded on the
chromosome fragments on the individual. With these three types of modules, it is very good to
simulate the entire evolutionary process.[14] By introducing a genetic algorithm, the nonlinear and
non-convex portfolio problem can be solved, and its search mode is global search, which can
effectively avoid falling into the local optimal solution and is more likely to find the global optimal
solution.

5.2. Implementation and Result Analysis of Genetic Algorithm

Through the above introduction to the theory of genetic algorithm, it is not difficult to see that the
essence of genetic algorithm is to obtain the optimal solution through continuous iteration through
operations such as selection, crossover and mutation, and an index is needed to judge the optimal
solution during the iteration process. This model introduces the Sharpe ratio, which is an index to

58



Proceedings of CONF-MPCS 2025 Symposium: Mastering Optimization: Strategies for Maximum Efficiency
DOI: 10.54254/2753-8818/2025.CH22357

measure the excess return brought by each unit of risk. The maximum Sharpe ratio is obtained
through continuous iteration and the corresponding portfolio is displayed.

Optimal Portfolio Weights
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Figure 5: Optimal portfolio weights

As previously mentioned, the use of a genetic algorithm necessitates the introduction of
high-fitness functions to obtain optimal results through continuous iteration. The Sharpe ratio
function introduced in this paper precisely fulfills the requirements of the genetic algorithm.
Furthermore, this function has been widely applied to stock analysis in the financial domain, aligning
well with the context of this study. In this case, the maximum Sharpe ratio obtained by the genetic
algorithm model is approximately 0.64, representing the highest return for a given level of risk. The
optimal portfolio weights suggested by the genetic algorithm model are shown in Figure 5.

Additionally, this paper finds that the application of the genetic algorithm helps investors avoid
getting trapped in local optimal solutions amidst constantly changing investment strategies, allowing
for the identification of the global optimal solution within the current stock market context. However,
it is important to note that this model is highly sensitive to parameters. For instance, the results can
vary significantly under different iterations. Therefore, investors should refer to relevant literature
and conduct thorough stock data analysis to set scientifically grounded parameters, thereby
continuously optimizing their investment strategies.

6. Conclusion

The mean-variance framework employs conventional data analysis techniques to provide a clear
understanding of returns and associated risks, while also accounting for asset correlations via a
covariance matrix, thereby enhancing risk diversification. However, it is contingent upon historical
data for estimating returns and risks, which may not accurately reflect future conditions. This model
is suitable for investors who have multiple portfolios and are willing to take some risk.

Black-litterman model has the characteristics of simplicity and direct, suitable for uncertain or
difficult to estimate the historical data, and also a good balance between investors' personal views and
equilibrium returns, but ignores the differences and risks between assets. Obviously, it is more
suitable for investors who have a specific view of the stock market.

Genetic algorithm has the characteristics of strong global search ability and high flexibility, can
handle various constraints and multi-objective optimization, can flexibly adapt to the needs of
different investors, and further, its solution has a certain diversity, and can explore different
combination strategies under the uncertain market. However, its calculation results need to be iterated
several times, the calculation cost is high, and the input parameters are more sensitive, investors need
to have a certain understanding of the financial market to use this model. It can be seen that this model
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is suitable for situations where investors need to satisfy multiple constraints or consider multiple
investment objectives at the same time.
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