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Abstract. This study empirically examines the performance of a Dollar-Cost Av-

eraging (DCA) strategy under varying market volatility conditions. DCA, which 

involves investing a fixed sum at regular intervals, is popular for its risk-mitiga-

tion properties. However, its effectiveness, especially relative to lump-sum in-

vesting (B&H)—depends on market dynamics. Using Monte Carlo simulations 

to generate price paths based on geometric Brownian motion, we analyze DCA 

returns, volatility clustering, and transaction frequency. Results indicate that 

while DCA underperforms B&H in steadily rising markets, it can offer risk-ad-

justed advantages in highly volatile scenarios. The study also discusses practical 

implications for optimizing DCA by adjusting investment frequency and consid-

ering transaction costs. 

Keywords: Dollar-Cost Averaging, Market Volatility, Investment Strategy, 
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1 Introduction 

1.1 Research Background 

Dollar-cost averaging (DCA) is an investment strategy where a fixed amount is invested 

regularly, regardless of market fluctuations, to reduce market timing risks and avoid 

investing at peaks. This approach buys more assets when prices are low and fewer when 

high, helping smooth out volatility (As shown in Figure 1). However, its effectiveness 

is debated. Some studies suggest that in upward-trending markets, lump-sum invest-

ment (B&H) may outperform DCA, as the latter could miss growth opportunities. DCA 

also doesn’t fully eliminate market risks, as continued investments during downtrends 

can lead to losses. This study aims to quantitatively analyze DCA’s performance under 
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various market conditions, asset classes, and frequencies, comparing it to other strate-
gies to provide optimized investment recommendations.

Fig. 1. The typical relationship between the purchase quantity and the underlying price of DCA
strategy

1.2 Literature Review

Dollar Cost Averaging (DCA) smooths market volatility by regularly investing a fixed
amount. Early studies (e.g., Constantinides, 1979[1]; Milevsky & Posner, 1999[2]) high-
lighted DCA’s suboptimality from an optimality perspective, as it fails to concentrate
investments to capture opportunities when markets are undervalued, while Statman
(1995)[3] demonstrated from a behavioral finance standpoint that DCA helps alleviate
investor emotional stress and diversify risk.

Subsequent empirical research (e.g., Smith & Artigue, 2018[4]; Wang et al., 2021[5];
Zhu, 2015[6]; Li, 2020[7]; Zhang, 2023[8]) has made progress in verifying that DCA can
mitigate volatility under certain conditions and in optimizing traditional DCA through
systematic and intelligent strategies using historical market data. However, these stud-
ies are limited by their reliance on historical data and their lack of abstraction and quan-
tification of price volatility, which constrains their generalizability and predictive ac-
curacy in dynamic market environments.

1.3 Research Method

This study uses stochastic processes and Monte Carlo simulations to evaluate Dollar-
Cost Averaging (DCA) strategies. Compared to real financial data, this approach offers
several advantages:
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1. Controlled Experimental Conditions: Virtual price paths allow precise control
over market parameters like volatility, trends, and mean reversion, enabling rigorous
testing of DCA strategies.

2. Overcoming Historical Data Limitations: Simulations create diverse market sce-
narios, ensuring a broader analysis beyond specific historical periods.

3. Enhanced Statistical Significance: Generating numerous price trajectories in-
creases sample size, improving statistical reliability and reducing biases.

4. Flexibility and Reproducibility: The method allows parameter adjustments and
offers reproducibility for verification and replication.

This approach provides a robust foundation for evaluating DCA strategies under var-
ious market conditions.

2 Methodology

2.1 Theoretical Foundations of Dollar-Cost Averaging: Efficient
Market Hypothesis and Passive Investment Theory

One key premise for using dollar-cost averaging is the Efficient Market Hypothesis
(EMH), which holds that market prices fully reflect all available information, making
it difficult for active market timing to consistently generate excess returns. Geometric
Brownian Motion (GBM)[9] models this randomness—with a drift term for expected
returns and a volatility term for uncertainty—mirroring the random walk behavior of
stock prices in an efficient market. As demonstrated by Black and Scholes (1973) in
their foundational work on option pricing, active market timing is unlikely to yield con-
sistent excess returns. Thus, this experiment uses GBM to construct the simulated price
path

= + (1)

S(t): The asset price at time t.
μ (mu): The expected return (or drift rate) of the asset, indicating the average rate of

growth.
σ (sigma): The volatility of the asset price, quantifying the degree of randomness or

risk.
: Is standard Brownian motion.

In this simulation, the asset's price changes are modeled daily. Given that there are
264 trading days per year, only three parameters are needed: the initial price ( 0), the
drift rate (μ) and the volatility (σ). These two parameters sufficiently capture the ex-
pected return and the risk inherent in the asset's price evolution.

To simulate a realistic trading environment, the following settings are applied: trans-
actions must be in multiples of 100 shares, a commission fee of 0.05% is charged per
trade, and an extra stamp duty of 0.005% is imposed on sales. These parameters ensure
that the evaluation of the trading strategy accurately reflects real-world transaction
costs and regulatory fees.
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2.2 Trading Execution

2.2.1 The Basic DCA Model.
In the most basic DCA strategy, a trader invests a fixed amount on predetermined

dates. On each predetermined trading day, the trader purchases as many asset units as
possible at the prevailing market price and holds these assets until the end of the obser-
vation period (typically one year). In this study, we adopt the widely recommended
monthly investment approach, whereby the trader invests a fixed amount on a specific
day each month, regardless of market conditions.

We employ a Monte Carlo simulation to generate a large number of asset price
paths[10] (with s₀ = 1, μ = 0.03

264
 and σ = 0.015), where 0.03 represents a typical risk-free

rate, commonly used as drift rate[9], 264 is the length of the price paths and 0.015 de-
notes a typical daily volatility for a stock index. For each simulated path, we calculate
the cumulative returns of both strategies over the one-year observation period, along
with key performance indicators such as average returns, volatility, and risk-adjusted
returns (e.g., the Sharpe ratio).

As shown in Figure 2, the asset net worth distribution for traders using the basic
DCA strategy exhibits lower volatility. However, Table 1 indicates that the average
return and Sharpe ratio of the basic DCA strategy are both lower than those of the buy-
and-hold strategy. This suggests that the basic DCA strategy is not advantageous and
results in lower expected returns compared to buy-and-hold.

Fig. 2. Basic DCA Monte Carlo
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Table 1. Comparison of Yield and Sharp Ratio.

Strategy Mean Yield Rate (10,000 paths) Mean Sharp Ratio (10000 paths)
Buy and Hold 1.02911 -0.46942

Basic DCA 1.01372 -0.65685

2.2.2 The Theoretical Analysis.
For simple calculation, we set the initial price as 1.0, the length of annual trading

days as 264, and the DCA trading interval as 22 days. On day t, the expected value of
slice ( ) of geometric Brownian motion is:

=
2

2
2

2 (2)

The expected yield ( ) of the slice on the 264th day is:
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the expectation of purchase quantity ( ) is:
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Considering the limit of the minimum trading volume, the purchase quantity ( )
can be adjusted as:

= 100( |100) (5)

The expected rate of return of the total investment ( ) in the 12 phases of the year
is:

= ( 22∗ 1

11

0
22∗ 1 ∗ (1 )) ( 12) (6)

m: The expected return (or drift rate) of the asset, indicating the average rate of
growth.

s: The daily volatility of the asset price, quantifying the degree of randomness or
risk.

t: The time index of stochastic process.
b: trading cost rate.
c: The capital amount invested in each period.
After accounting for transaction costs and minimum transaction volume, the param-

eters used in the Monte Carlo method are incorporated into the first part, yielding
R=1.01529, which is very close to the Monte Carlo result of 1.01372.
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2.3 Experiment Result and Discussion

Through the analytical method, we can try to find whether there is an optimal solution
for the fixed investment strategy in the specified market environment.

Fig. 3. Yield Surface of basic DCA

Fig. 4. The relationship between yield and various financial factors

As shown in figure 3, volatility is the main factor affecting the performance of DCA
strategy. Within the normal volatility range, the performance of DCA strategy is gen-
erally inferior to that of buy and hold strategy. Only when the volatility is extremely
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high (for example, the daily volatility exceeds 0.04), can the DCA strategy show its
advantages. However, such sustained high volatility is extremely rare in real financial
markets.

Regarding transaction frequency. Although many investment recommendations sug-
gest making fixed investments once a month[11], test results indicate that higher trading
frequency does not have a positive impact (figure 4) on the expected return of fixed
investments but rather reduces the efficiency of fund utilization and generates unnec-
essary transaction costs.

3 Conclusion and Outlook

3.1 Research Summary

This study explores the relationship between market volatility and the returns of the
Dollar-Cost Averaging (DCA) strategy, which involves investing a fixed amount at
regular intervals. Using Monte Carlo simulations, the research compares DCA with the
Buy and Hold (B&H) strategy, analyzing the impact of market drift, volatility, and
transaction frequency. The findings show that DCA performs better in highly volatile
markets but underperforms B&H in stable markets. Transaction frequency also plays a
key role; reducing investment frequency improves DCA outcomes. Key conclusions
include: 1) DCA is more effective in volatile markets, 2) B&H may yield higher returns
in stable conditions, and 3) minimizing transaction frequency optimizes DCA. This re-
search provides insights for optimizing DCA based on market conditions and asset vol-
atility.

3.2 Research Limitations and Future Directions

Based on this study's analysis of DCA and market volatility, future research could ex-
plore:

1. Dynamic DCA Strategy: Investigate adjusting investment amounts and frequency
in real time based on market fluctuations and investors' positions, leveraging volatility
aggregation to optimize long-term returns.

2. Derivative-Based Volatility Strategies: Examine using options, futures, and other
derivatives to hedge market risk, thereby improving DCA's performance in volatile
markets and enhancing risk-adjusted returns.

Overall, further research will refine the DCA strategy, boost its effectiveness in var-
ious market environments, and provide investors with more precise and efficient in-
vestment solutions.
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