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Abstract: Momentum strategy, a popular approach since the 1990s, has seen various 

successful iterations over the years. However, with the market environment evolving 

considerably in recent times, this study seeks to explore the efficacy of a specific momentum 

strategy on the S&P 500 in the past five years. The hypothesis centers on the correlation 

between returns and the moving average, serving as a momentum indicator. A simple linear 

model relating the two is trained using historical data, and the subsequent strategy is formed 

based on the model's parameters. Different lookback periods are considered, leading to an 

evaluation of diverse strategies. Despite the strategy's simplicity, findings suggest that it 

might struggle to thrive in real market conditions. There are some strategies that beat the 

benchmark under ideal conditions, but all of them loss when the transection fees are taken 

into account. The analysis uncovers situations where momentum strategies can indeed be 

effective. This underlines the potential for further research and the development of a more 

sophisticated, precise strategy that mirrors real market dynamics with greater accuracy. 
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1. Introduction 

From 1990s, more and more people found that buying stocks that have performed well in the past and 

sell stocks that have performed poorly in the past could be very profitable over 3 - to 12 - month 

holding periods [1]. From then on, momentum strategy had become one of the most popular strategies 

in algorithm trading rapidly [2], and it has been widely applied on many areas including stocks, ETFs 

[3].  

However, a trading strategy cannot always work [4]. And despite the wide adoption and initial 

successes of momentum strategy, academic consensus on its consistent effectiveness remains 

inconclusive. In 2007, a report reveals that momentum profits come from compensation for time-

varying unsystematic risks, which are common to the winner and loser stocks but affect the former 

more than the latter [5]. In this perspective, these risks are common to both winning and losing stocks 

but have a more significant impact on the former. This framework offers an interesting lens to 

understand the workings of momentum strategies, suggesting that success comes not just from 

choosing the right stocks but also from withstanding the broader risks of the market. The other theory 

suggests that investors utilizing momentum techniques leverage behavioral inconsistencies present in 

their counterparts. These could encompass phenomena such as collective investor behavior, the 
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pendulum-like over- and under-reaction of investors, the disposition effect, and the presence of 

confirmation bias [6]. 

In addition, research indicates that the effectiveness of momentum strategies is also significantly 

influenced by market conditions. For instance, during periods marked by increased market volatility, 

there has been a noticeable decline in the returns generated by momentum strategies [7]. This 

underperformance contrasts sharply with the often-impressive returns of momentum strategies in 

bullish markets, further underlining the importance of market conditions in determining the strategy's 

success. Given the varying perspectives on momentum strategy and its inconsistent historical 

performance, it is necessary to evaluate the strategy in the contemporary market. The financial 

landscape has evolved significantly over the past five years, marked by phenomena such as the 

increased use of machine learning in trading, the rise of retail investors, and the widespread popularity 

of social-media-driven investing [8]. 

This essay, therefore, sets out to critically analyze the effectiveness of the momentum strategy in 

today's market by examining real-world stock data from the S&P 500 index over the past five years. 

In doing so, it aims to illuminate whether momentum strategy continues to hold promise for 

profitability in the modern investment climate. By shedding light on the performance of momentum 

strategy under recent market conditions, this paper will contribute to a deeper understanding of this 

popular strategy's role and relevance in contemporary investing. 

The study implemented a momentum strategy that exploits the autocorrelation in stock returns, 

with an emphasis on using a linear regression model. The basic strategy involved forming portfolios 

over 257 stocks from S&P500 by taking long positions in stocks that have shown strong recent 

performance, and short positions in those that have performed poorly. In methodology, linear 

regression is applied to the returns of each stock against its respective moving average to derive 

parameters. This was done individually for each stock. The weights for each stock in the portfolio 

were then determined according the result of regression This meant that the weighting of the stocks 

in our portfolio was not uniform but rather based on their respective regression results. Long-Short 

strategy is used by ranking stocks based on the calculated weights, with higher weights corresponding 

to long positions and lower weights to short positions. We varied the length of the look-back period, 

comparing performances with different moving averages as the predictor in our regression model. 

This strategy was back-tested on historical data from 2018 to 2023, with a particular focus on the 

recent period from 2020 to 2023. The strategy performed well in back-tests in the past [9]. However, 

its performance was mediocre in the recent stock data from 2020 to 2023. Moreover, when 

considering transaction costs, the strategy even exhibited significant losses [10]. 

2. Method 

2.1. Data Source 

Data used for the analysis is a daily return series of 257 stocks randomly chosen from S&P500 

covering a period from 2018 to 2020. The returns were calculated based on daily closing prices. 

2.2. Linear Regression 

In this strategy, the focus was on capturing both the persistence of strong returns and the predictability 

of return reversal. We assumed that the moving averages AN of the past daily returns can be used to 

predict the future return. And a linear regression model was applied between the return and the 

moving averages of the daily returns for each stock. The moving average was calculated over various 

periods (1, 2, 5, 10, 20, 40, 60, 80, 100 days), providing a range of momentum "looks" from short-

term to longer-term. The linear regression model helped to determine how sensitive the stock's returns 
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were to changes in its own moving average. The parameters of the model are estimated based on the 

data between 2018 to 2020.  

2.3. Specific Trading Strategy 

To diversify away idiosyncratic risk, all of the 257 stocks are considered to be involved in the 

portfolio with different weight base on the result of linear regression. By spreading investments across 

many stocks, the strategy aims to reduce the impact of any one stock's performance on the overall 

portfolio. Using mean-variance allocation, the weights for each stock in the portfolio were then 

calculated as, where and are the coefficients estimated by the regression, andis the standard deviation 

of the residuals. This approach helped identify stocks that were likely to continue their strong 

performance. 

Using the weights computed from the momentum analysis, the portfolio was constructed such that 

high-momentum stocks (those predicted to continue their strong performance) were bought, and low-

momentum stocks (those predicted to experience a return reversal) were sold. By normalizing the 

weights so that their absolute values sum up to one, a fully invested long-short portfolio was achieved. 

This long-short strategy was designed to profit not just from the continued success of high-momentum 

stocks, but also from the predicted decline of low-momentum stocks. 

Different values of transection cost rates are also taken into consideration. This unique 

combination of momentum-based and long-short strategies was designed to leverage the momentum 

premium while simultaneously mitigating market risk. This approach enhanced not only the 

theoretical robustness of the portfolio but also its resilience to broader market fluctuations. The 

portfolio's performance was subsequently assessed through an array of measures including the Sharpe 

Ratio, maximum drawdown, skewness, kurtosis, and cumulative returns. 

3. Results and Discussion 

3.1. A Simple One-Factor Model 

Under the assumption that past performance of stocks will influence today’s performance. The 

methodology employed in this study hinges on the use of linear regression between two variables. 

Here, the variables under consideration are the moving average of each stock, serving as the 

independent or predictor variable, and the corresponding stock returns, functioning as the dependent 

or response variable. 

Suppose we have a time series of returns. The exact formula for the linear regression model is: . 

Here, ε offers an estimate of the 'noise,' or the degree of prediction error. This serves as a valuable 

component in assessing the potential risks associated with the strategy. is the moving average of the 

return of the past N days from time t, where N is the lookback period. The parameters of the model 

can be estimated using linear regression with data from 2018 to 2020. The procedure leading to the 

derivation of crucial parameters: the slope and the intercept. The slope offers insights into the average 

change in a stock return associated with a unit change in the moving average, while the intercept 

provides the expected stock return value when the moving average equals zero. Once that is done, the 

model can be used to make predictions about the returns from 2020 to 2023. 

The weight of each stock in the portfolio is then determined based on the outcomes of these 

individual regressions. This results in a portfolio where the weighting of stocks is not uniformly 

assigned but is instead influenced by their specific regression results. Specifically, the portfolios are 

constructed using mean-variance optimization, which aims to maximize expected wealth and 

penalized for variance within the portfolio. As a result, the weight of each stock in the portfolio is: , 

where is the constant risk for simplicity. 
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3.2. Moving Average and Momentum Indicator 

Two different methods are applied to calculate the moving average of the return in the past N days. 

The first method is Simple Moving Average (SMA). It calculates the average return over the past N 

days with all data points are given equal weight. The second method is Exponential Moving Average 

(EMA). It calculates the average return over the past N days that more importance is given to the 

latest data. EMA gives more weight to recent data, it is more responsive to new information, whereas 

SMA provides a smoother and less volatile trend line. 

The moving average employed within this strategy serves as a key momentum indicator for each 

stock. When the moving average exhibits an upward trend, it suggests positive momentum, whereas 

a downward trend indicates negative momentum. Furthermore, the portfolio is systematically 

rebalanced at regular intervals, adjusting the weights of each stock contingent upon their respective 

moving averages. This continuous recalibration enables the strategy to persistently harness and 

capitalize on the prevailing momentum effect. 

3.3. Backtesting Result 

Assuming that transaction costs are negligible, and using the Sharpe ratio as a measure of portfolio 

performance, Figure 1 illustrates a notable trend. With a consistent lookback period N, portfolios 

utilizing EMA generally outperform those using a simple MA. This could be attributed to the 

sensitivity of the EMA to more recent price changes, potentially allowing for faster responses to 

market shifts compared to the MA approach. However, the data shows on Table 1 does not suggest a 

clear correlation between portfolio performance and the length of the lookback period. Notably, the 

portfolio with a lookback period of N=1 demonstrates a standout performance compared to others. 

The portfolio with a lookback period of N=1 notably outperforms its counterparts, which may 

suggest the benefits of a more dynamic strategy that swiftly adapts to the latest market trends. 

However, it is crucial to take into consideration that this finding dramatically shifts once transaction 

costs come into play. As depicted in Figure 1, the portfolio remains profitable for the training data  

(spanning from 2018 to 2020) when incorporating transaction costs of 0.1%. However, back-testing 

results from 2020 to 2023 transition into the red. As transaction costs escalate, the portfolio's 

performance deviates further from its original profitability, descending into substantial losses as 

shown in Figure 2. This decline is largely ascribed to the exceedingly high frequency of transactions 

prompted by the short lookback period.  
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Figure 1: Training and testing performance with transection costs. 

 

Figure 2: Performance with N=1 and 0.5% transection cost. 

Figure 3 and Figure 4 contrast the performance of the various portfolio strategies against an equally 

weighted portfolio, which serves as a benchmark. The graph demonstrates that, even in the absence 

of transaction fees, a mere five strategies ("Momentum_MA_1", "Momentum_MA_60", 

"Momentum_EMA_5", "Momentum_EMA_10", "Momentum_EMA_20") manage to outperform 

this benchmark. This benchmark strategy is straightforward: it involves purchasing all available 

stocks in equal proportions and simply holding onto them. This result underscores the difficulty and 

complexity of consistently achieving superior returns in the stock market. 
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Figure 3: A general view of the performance of all strategies. 

 

Figure 4: 5 strategies that outperform this benchmark. 

The observations above highlight the crucial role transaction costs play in portfolio performance, 

particularly when the lookback period N is small. Upon incorporating a 0.1% transaction fee, as 

indicated in Table 1 and 2, the Sharpe ratio for the test data in some portfolios turns negative. This 
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demonstrates the substantial impact even minor fees can have on the net returns of highly active 

trading strategies. For the remaining four strategies that outperformed the aforementioned benchmark, 

the situation is similar: even with a minimal transaction fee of 0.1%, the portfolio's performance 

deteriorates and may even turn into losses. 

However, an intriguing observation emerges when the test dataset shown in Figure 3 is bifurcated 

into two distinct segments: the initial segment spans from January 2020 to January 2021, and the 

subsequent segment runs from January 2021 to January 2023. The former segment reveals that the 

majority of strategies consistently outperformed the benchmark, while a precipitous decline is noted 

in the latter part. 

The causal factors for this phenomenon remain undetermined within the scope of this essay, but 

there are two plausible explanations. Primarily, the parameters of the linear model, which were 

derived from data spanning from 2018 to 2020, could potentially have greater predictive efficacy for 

the first part of the test data. This is due to its temporal proximity to the training data, suggesting a 

probable similarity in market trends. Secondly, the unique characteristics of this strategy could render 

it more beneficial during periods of heightened market volatility. In the span of a single year, the first 

part of the data exhibits a sharp downturn followed by a rally. In contrast, the second part displays a 

more tempered fluctuation, suggesting that the strategy may be more attuned to capturing the 

opportunities presented by market extremes, rather than consistently mild movements. 

Table 1: Performance of different strategy with free transection costs. 

Strategy Sharpe_ratio Max_drawdown Kurtosis 

EMA_1 0.78  1.41  11.10  

EMA_2 0.70  1.68  16.67  

EMA_5 0.73  5.65  18.94  

EMA_10 0.62  12.52  24.86  

EMA_20 0.56  17.39  25.89  

EMA_40 0.44  10.89  26.24  

EMA_60 0.35  9.83  26.97  

EMA_80 0.30  9.36  27.67  

EMA_100 0.28  9.10  28.37  

MA_1 1.16  1.00  12.55  

MA_2 0.27  3.41  26.87  

MA_5 0.48  1.15  17.52  

MA_10 0.34  9.91  19.99  

MA_20 0.29  11.24  25.89  

MA_40 0.34  15.94  25.78  

MA_60 0.62  7.71  25.54  

MA_80 0.23  9.60  25.13  

MA_100 0.20  5.10  23.09  

Table 2: Some strategies with negative sharp ratio. 

Strategy Sharpe_ratio Max_drawdown Kurtosis 

MA_10 -0.32  6.61  15.82  

EMA_2 -0.39  32.89  11.27  

MA_5 -0.52  3.56  12.45  

MA_1 -1.12  4.49  7.33  
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4. Conclusion 

From 2020 to 2021, a majority of the strategies implemented demonstrated an encouraging 

performance, outpacing the benchmark for a significant portion of this period. However, the trend 

reversed from 2021 to 2023, with the majority of strategies experiencing losses. Notably, even those 

strategies that surpassed the benchmark over the entire period dipped into negative territory when 

minor transaction costs were factored in. These findings suggest that the simple momentum strategies 

explored in this essay may not yield consistently favorable results when directly applied to the S&P 

500 in recent years. However, this should not be taken as a repudiation of momentum strategies as a 

whole. As the analysis above reveals, even these rudimentary strategies have the capacity to 

outperform the market from 2020 to 2021 under certain, albeit undetermined, conditions. Therefore, 

further research in this area is warranted and could potentially be fruitful. The development of a more 

nuanced and precise model, rooted in momentum, that aligns more closely with the intricacies of real 

market behavior, may indeed demonstrate robust performance. A strategy embracing complexity and 

precision, while still harnessing the underlying momentum, may perform well in the real market. 
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