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Abstract: The global financial markets have experienced considerable turmoil due to the 

COVID-19 pandemic, in this context, portfolio management becomes critically important. 

This paper employs Monte Carlo Simulation to determine Efficient Frontier of a portfolio 

comprising fourteen US technology stocks in the period of COVID-19 pandemic by python, 

which also allocates portfolios for Minimum Volatility and Maximum Sharpe Ratio, along 

with their key parameters. According to this study, Maximum Sharpe Ratio portfolio 

outperforms Minimum Volatility portfolio in terms of cumulative return. However, it’s 

important to note that Maximum Sharpe Ratio portfolio also experiences a greater maximum 

drawdown. Additionally, this paper visually depicts the optimal allocation of asset weights 

across different levels of risk aversion using a chart. Furthermore, it identifies NVDA as the 

optimal choice for investors who have low degree of risk-aversion due to its high volatility 

and expected return. Conversely, IBM and CSCO emerge as the preferred choices for risk-

averse investors, as they effectively mitigate the portfolio’s entire risk. 

Keywords: Efficient Frontier, Sharpe Ratio, COVID-19 pandemic, Portfolio Allocation, Risk 

Aversion 

1. Introduction 

The COVID-19 pandemic has brought about significant turmoil and uncertainty in global financial 

markets [1]. During this period, panic among individuals triggered sustained plunges in global stock 

markets. Unprecedentedly, the US stock market experienced four "circuit breaker" triggers on March 

9th, 12th, 16th, and 18th, due to the extreme market volatility [2]. Faced with the economic recession 

caused by the COVID-19 pandemic, the US government and other countries implemented large-scale 

fiscal stimulus measures [3]. The successful development and widespread vaccination of vaccines, 

along with improvements in corporate performance, boosted investor sentiment and greatly restored 

market confidence. Consequently, the US stock market rebounded significantly after a massive retreat 

[4].  

In this context, portfolio management becomes more complex and crucial. Investors need to 

reassess the balance between risk and return to cope with market uncertainty and volatility. At the 

same time, investors need to remain vigilant and adjust their investment strategies promptly according 

to market changes. 

This paper aims to match the optimal portfolio for investors with different risk-aversion levels by 

modeling and analyzing data from fourteen US technology stocks. Initially, Monte Carlo Simulation 
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is utilized for determine the portfolio’s Efficient Frontier. Then, Minimum Volatility and Maximum 

Sharpe Ratio portfolios are identified, and their related data are analyzed. Finally, the optimal 

investment portfolios for investors with different risk aversion levels are derived. The analysis and 

management of portfolios in this paper is of significant importance in reality, especially during 

periods of market volatility, which can help investors make better portfolio allocations. 

The of the paper’s remaining portion is organized in the following manner. Section 2 presents the 

data, empirical model, and results analysis. Section 3 shows some limitations. Section 4 concludes 

the study. 

2. Model Formulation 

2.1. Application of Markowitz Efficient Frontier 

Nobel Laureate Harry Markowitz introduced the concept of the efficient frontier in 1952, which 

continues to be a core premise of modern portfolio theory. It assesses portfolio based on their balance 

of return (y-axis) and risk (x-axis). An investor's choices for balancing portfolio risks and returns are 

graphically illustrated by this efficient frontier [5].  

The formulas of expected portfolio return and are as follow:  

E(𝑅𝑝) = 𝑤1𝑅1 + 𝑤2𝑅2 +⋯+𝑤𝑛𝑅𝑛 = ∑ 𝑤𝑖𝑅𝑖
𝑛
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E(𝑅𝑝) denotes the expected portfolio return, 𝑅𝑖 denotes the expected return of the 𝑖th asset, 𝜎𝑝
2 

denotes portfolio’s total risk which measured as variance, 𝜎𝑖𝑗 denotes the covariance between the 𝑖th 

and 𝑗th assets, 𝑤𝑖 denotes the weight of the 𝑖th asset in the portfolio, 𝑤𝑗 denotes the weight of the 𝑗th 

asset in the portfolio and 𝑛 denotes portfolio’s total number of assets.  

Modern portfolio theory's Efficient Frontier consists of optimal portfolios which offer the greatest 

expected return when a certain risk degree is taken into account, or the lowest risk when a defined 

expected return is taken into account [6]. Portfolios that are located beneath the efficient frontier are 

judged imperfect since they fail to give enough return regarding the quantity of risk taken. On the 

contrary, portfolios locate at Efficient Frontier’s right side are also imperfect because more risk is 

borne for the expected return. 

This paper constructs the Efficient Frontier of a portfolio using the daily compounded returns of 

fourteen US technology stocks, aiming to utilize the efficient frontier for risk management and asset 

allocation decisions. 

2.2. Finding the Efficient Frontier using Monte Carlo Simulation 

Monte Carlo Simulation involves mathematical methods that utilized to estimate the potential 

outcomes of uncertain events and evaluate their risk impacts in various real-world scenarios [7]. It 

models potential outcomes by utilizing probability distributions for variables with inherent 

uncertainty and recalculates results using different sets of random numbers within specified ranges. 

This computation is typically repeated thousands of times to generate a large number of possible 

outcomes. Due to its high precision, Monte Carlo Simulation is suitable for long-term predictions, 
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and with an increase in the number of inputs, the number of predictions also increases, enabling higher 

accuracy in predicting results over longer timeframes. 

In Monte Carlo simulations, the portfolio’s expected return and variance are estimated using 

samples of returns generated across numerous simulations: 

E(𝑅𝑝) ≈
1

𝑁
∑𝑅𝑝,𝑖

𝑛

𝑖=1

(3) 
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𝑛
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E(𝑅𝑝)  denotes the expected portfolio return. 𝑅𝑝,𝑖  denotes the return of portfolio in the 𝑖 th 

simulation, 𝜎𝑝
2 denotes the total risk of the portfolio and 𝑁 denotes the number of simulations.  

 

Figure 1: The efficient frontier driven through Monte Carlo Simulation.  

Figure 1 displays the efficient frontier of a portfolio consisting of fourteen stocks, which is 

constructed through Monte Carlo Simulation. NVDA and TSLA exhibit higher expected returns, 

while IBM and CSCO have lower volatility. 

2.3. Discovering Portfolio Performance that has Maximum Sharpe Ratio and Minimum 

Volatility. 

Sharpe ratio refers to the ratio of the portfolio's risk premium to total risk. If the Sharpe ratio is higher, 

it implies that the portfolio has obtained greater returns though assuming less risk, which means 

investors have obtained higher returns per unit of risk taken [8]. This makes the Sharpe ratio an 

important metric for investors who want to maximize their returns in relation to the risks they are 

taking. By comparing the Sharpe ratios of different investments, investors can identify which 

portfolios are effectively generating superior risk-adjusted returns.  

The following is the formula for Sharpe ratio: 

𝑆 =
𝑅𝑝 − 𝑅𝑓

𝜎𝑝
(5) 

𝑆 signifies the Sharpe ratio, 𝜎𝑝 signifies the portfolio volatility, 𝑅𝑝 signifies the portfolio return 

and 𝑅𝑓 signifies the risk-free rate. 
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The Efficient Frontier theory defines volatility as standard deviation, which is the difference 

between returns and their average, often expressed in annualized form [9]. At a certain level of risk, 

elevating the portfolio’s Sharpe ratio is an objective of the Efficient Frontier theory. To achieve 

portfolio optimization, investors can identify asset combinations in the portfolio with the highest risk-

adjusted returns. This paper constructs graphs for portfolios of Maximizing Sharpe Ratio and 

Minimum Volatility using Python code, as shown in Figure 2. 

 

Figure 2: Minimum volatility and Maximum Sharpe Ratio 

 

Figure 3: Information about the portfolios.  

Figure 3 reveals that the Maximum Sharpe Ratio portfolio's return was 28.00% from January 1, 

2019 to December 31, 2023, while that of Minimum Volatility portfolio was 14.40%. Maximum 

Sharpe Ratio portfolio is typically considered the choice for maximizing returns within an acceptable 

level of risk. It offers a disciplined approach to balancing high returns with acceptable risk levels, 

often leading to effective diversification. Therefore, the Maximum Sharpe Ratio of the portfolio 

consisting of these fourteen technology stocks is 91.73%, with a return of 28.00%. Conversely, to 

reduce portfolio risk, the Minimum Volatility portfolio is typically chosen by risk-averse investors. 

It provides more predictable performance, which can be comforting to investors during turbulent 

market conditions. Thus, the Minimum Volatility of the portfolio consisting of these fourteen 

technology stocks is 24.46%, with a return of 14.40%. 
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Figure 4: Portfolio performance (Maximum Sharpe Ratio Weight).  

Table 1: Some indicators of the Maximum Sharpe Ratio portfolio performance. 

Annual return 26.20% 

Cumulative return 217.00% 

Annual volatility 30.50% 

Max drawdown -48.50% 

 

Figure 4 represents Maximum Sharpe Ratio portfolio’s cumulative return, drawdown, and daily 

average return between January 1, 2019 and December 31, 2023. Table 1 shows some parameters of 

this portfolio. 
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Figure 5: Portfolio performance (Minimum Volatility Weight).  

Table 2: Some indicators of the Minimum volatility portfolio performance. 

Annual return 11.70% 

Cumulative return 73.20% 

Annual volatility 19.10% 

Max drawdown -34.80% 

 

Figure 5 represents Minimum Volatility portfolio’s cumulative return, drawdown, and daily 

average return between January 1, 2019 and December 31, 2023. Table 2 shows some parameters of 

this portfolio. 

Maximum Sharpe Ratio portfolio performed better than Minimum Volatility portfolio regarding 

annual and cumulative return, as determined by the comparison. However, Maximum Sharpe Ratio 

portfolio had a larger maximum drawdown than the Minimum Volatility portfolio due to its higher 

annual volatility. This indicates that the higher risks are associated with higher potential returns. By 

pursuing the optimal risk-return trade-off, the Maximum Sharpe Ratio portfolio is willing to 

compromise greater volatility and potential drawdowns for higher returns. Conversely, the Minimum 

Volatility portfolio offers greater security and stability, though this comes at the expense of 

diminished growth potential.  

2.4. Analyzing Portfolio Allocation based on Risk Aversion Levels 

Risk aversion is crucial as it determines how sensitive an investor is to changes in risk. Investors 

prioritize either stability or higher returns based on their financial objectives and individual comfort 

with uncertainty. Different investors have varying perceptions and tolerance levels towards risk, 

leading to different degrees of risk aversion. [10] Investors who are risk-averse typically prefer returns 

that are more certain, even if they may have a lower expected return, which primarily due to their 

inherent need for security and fear of potential losses. Conversely, the non-risk-averse investors are 
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less impacted by potential negative outcomes and are more focused on the potential for significant 

gains.  

Figure 6 shows the allocation of asset weights at different levels of risk aversion (represented by 

γ), indicating the portfolio compositions that aim to achieve maximum returns at specific levels of 

risk aversion.  

 

Figure 6: Weight allocation per risk-aversion level.  

Through analysis of Figure 6, we can draw the following conclusions. When investors have a low 

level of risk aversion (γ values between 0.001 and 0.705), the portfolio has a higher allocation to 

NVDA because of its higher volatility and expected return, making it the optimal choice for lower 

levels of risk aversion. When investors have a high level of risk aversion (γ values between 107.227 

and 1000), the portfolio has a significant allocation to IBM and CSCO because of their lower volatility 

and expected returns, indicating that these assets can effectively control the total portfolio risk. 

Considering COVID-19 pandemic, investors' risk preferences shifted notably in the short term, and 

their risk-averse behaviors had significantly increased [11]. Therefore, holding more positions of IBM 

and CSCO is a defensive, investment strategy which reduces exposure to high-volatility assets and 

increases diversification during periods of high risk-aversion. 

3. Limitations 

Due to various assumptions underlying the Efficient Frontier Theory, such as the consideration of 

risk-return trade-offs by investors in the process of deciding investment choices, The assumption of 

market efficiency and the positive correlation between risk and return may not be completely accurate 

in real markets, resulting in deviations from the results of this paper and actual circumstances. 

Additionally, the data period of this paper spans from January 1, 2019, to December 31, 2023, 

whereas the Efficient Frontier Theory typically requires data covering multiple market cycles to 

ensure representativeness. Therefore, four years of asset return data may not be sufficiently 

comprehensive. Furthermore, transaction costs, agency costs, and other frictions occur in actual 

markets are not factored into this paper, resulting in ideal rather than realistic outcomes.  
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4. Conclusions 

This paper collected the return data of fourteen US technology stocks from January 1, 2019, to 

December 31, 2023, and successfully derived the Efficient Frontier of the investment portfolio using 

Monte Carlo Simulation. Minimum Volatility and Maximum Sharpe Ratio portfolio allocations were 

determined by this paper, and it discovered that greater volatility and potential drawdowns come at 

the cost of the possibility of higher returns. In contract, the diminished growth potential is the expense 

of greater security and stability. Furthermore, the paper concluded the optimal portfolio allocation 

considering investors with different risk aversion, revealing that when investors have a lower risk 

aversion, the portfolio has a higher allocation of NVDA due to its higher volatility and expected 

return. Conversely, when investors have a higher risk aversion, IBM and CSCO have a larger 

allocation as their lower volatility effectively controls the overall portfolio risk. In the context of 

COVID-19 pandemic when investors’ risk-averse behaviors had significantly increased. Holding 

more positions of IBM and CSCO is a defensive strategy which reduces exposure to high-volatility 

assets and increase diversification. However, due to the Efficient Frontier Theory being based on 

various assumptions and the existence of transaction costs in reality, the analysis in this paper still 

has limitations and uncertainties. In the future, analysts should use more precise models to analyze 

the data and attempt to quantify the uncertainty factors as much as possible. 
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