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Abstract

Based on the data-driven statistical arbitrage strategy, this paper considers the advantages and dis-
advantages of several trading strategies, namely the mean strategy, buy at the beginning of the
month and sell at the end of the month strategy, buy and sell strategy, and hold all the time strategy,
using the cumulative return, an income metric, and the annualized Sharpe ratio, a risk efficiency
metric as measures of strategy’s advantages and disadvantages. We find that among the strategy of
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moving average (SMA), “buy when the short-term moving average crosses the long-term and sell
when the long-term moving average crosses the short-term” can achieve positive returns and high-
risk efficiency for assets with different trading frequencies, with or without transaction costs, and
for volatile assets such as individual stocks or large-cap stocks. Meanwhile, among several strate-
gies, the moving average strategy is the best, followed by buying at the beginning of the month and
selling at the end of the month, then holding all the time, and buying and selling at the end of the
month is the worst. Finally, this paper also finds that economic fundamentals are significantly pos-
itively correlated with stock market closing price performance. Therefore, by modeling and quan-
titatively analyzing different strategies for large-cap and individual stocks, this paper argues that
the SMA strategy is optimal and that it is versatile and reliable for volatile assets, in an attempt to
provide an operational basis for assisted trading and automated market making.
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Figure 1. Moving average strategy modeling ideas and framework
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Figure 2. SSE closing price trajectories with MA20 and MA30 overlays
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Figure 3. Annualized sharpe ratio and cumulative returns under fixed long-term (MA30) and short-term (MA20) moving
averages
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Figure 4. Sharpe distribution across all moving average combinations
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Figure 5. Cumulative returns and annualized sharpe ratio under optimal moving averages: in-sample prediction (left) and out-of-sample
backtesting (Right)
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Figure 6. Considering costs: best cumulative return and annualized sharpe ratio for the first 80% data prediction (left) and the last 20%
data backtesting
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Figure 7. Best cumulative return and annualized sharpe ratio for the first 80% data prediction (left) and the last 20% data backtesting
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Figure 8. Optimal cumulative returns and annualized sharpe ratio under daily frequency: in-sample prediction (left) vs. individual quity
out-of-sample backtesting (Right)
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Figure 9. Optimal cumulative returns and annualized sharpe ratio: minute-frequency in-sample prediction (left) vs. daily-frequency
individual equity out-of-sample backtesting (right)
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Figure 11. Under individual investment strategies, both scenarios without (left) and with (right) transaction costs will result in signif-
icant losses
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Figure 12. The trend of the manufacturing PMI shows a certain degree of correlation with cumulative stock returns
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Table 1. Comparison of the advantages and disadvantages of several strategies considering the cost context
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