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Abstract. This paper presents a backtesting methodology centered on evaluating 

the long-term performance of a constant investment strategy, contrasting it with 

traditional risk-focused measures such as Value-at-Risk (VaR) backtesting. 

Instead of prioritizing downside risk validation, this framework quantifies and 

interprets total returns over an extended historical period, offering investors a 

more transparent and intuitive assessment of strategy effectiveness. The proposed 

method is applied to an optimized Markowitz portfolio composed of 21 

representative U.S. stocks and the S&P 500 Index, resulting in a 22-asset 

portfolio. Monthly return data spanning from September 2004 to September 2024 

is analyzed to mitigate non-Gaussian return distribution effects. The chosen 

strategy—maximizing the Sharpe ratio—provides a balanced view of risk-

adjusted performance over two decades of historical data. Our empirical results 

align closely with theoretical expectations, demonstrating that the method 

delivers a coherent and robust performance assessment. While the approach 

offers greater accessibility and transparency for investors, it is not without 

limitations. Potential biases, the assumptions underlying historical data, and the 

singular focus on returns must all be carefully considered. Future advancements 

may incorporate more sophisticated data-driven techniques, regime-switching 

models, and integration of environmental, social, and governance (ESG) 

considerations. Ultimately, this return-based backtesting methodology serves as 

a complementary tool to traditional risk assessments, enabling a fuller 

understanding of long-term investment dynamics and potential improvements in 

strategic decision-making. 
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The art and science of investment management continually evolve in response to
changing market conditions, investor preferences, and regulatory environments.
Traditional approaches to evaluating investment performance and risk have long
relied on measures such as Value-at-Risk (VaR) to ensure that portfolios meet certain
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risk tolerances. VaR backtesting has become a staple in risk management, focusing
primarily on how well models predict extreme losses. While VaR—and related
downside risk measures—provides invaluable insights, it does not necessarily offer a
comprehensive view of an investment’s full return distribution or the strategy’s
overall performance over time. Investors require not only an understanding of
potential drawdowns but also a coherent evaluation of how an investment strategy
performs in terms of total return, risk-adjusted returns, and consistency across various
market regimes.

In this paper, we present a backtesting methodology designed to complement and,
insome contexts, serve as an alternative to VaR backtesting. Instead of centering on
the tail-risk characteristics, our approach emphasizes the return profile of a stable
investment strategy over an extended historical period. This perspective allows
investors, fund managers, and analysts to gain a more intuitive understanding of what
might have happened had they adopted a given strategy at a historical starting point
and held it consistently through diverse market environments. Such a method
resonates with long-term investors who prioritize not only risk mitigation but also
capital growth, stable returns, and the predictability of outcomes.

To illustrate this approach, we implement a Markowitz portfolio optimization
method to construct a portfolio of 22 risky assets: 21 representative U.S. stocks and
the S&P 500 Index. By employing monthly return data spanning September 2004 to
September 2024, we reduce the impact of short-term noise and non-Gaussian return
characteristics, thereby offering a more stable and reliable evaluation period. The
chosen strategy seeks to maximize the Sharpe ratio, providing a robust benchmark for
risk-adjusted performance. Our empirical findings show that the resulting portfolio’s
performance aligns with expectations: periods of strong market growth are captured
effectively, while downturns are navigated in a manner consistent with the
optimization framework employed.

In addition to showcasing the methodology’s strengths, this paper also critically
appraises its limitations. We recognize that return-based backtesting may not capture
certain aspects of risk, may be influenced by survivorship biases in asset selection,
and might be sensitive to the choice of historical period. Nevertheless, we contend
that this approach offers a valuable complementary view to risk-centric evaluations,
granting investors clearer insights into the potential growth patterns of their strategies.

The remainder of the paper is organized as follows: Section 2 reviews related
literature and contextualizes our approach within the broader landscape of
performance evaluation methods. Section 3 details the data and methodology
employed, including our portfolio construction and the rationale for focusing on
monthly returns. Section 4 presents the results of the backtesting exercise, while
Section 5 provides a thorough discussion of these results. Section 6 outlines
limitations and potential biases in the approach. Finally, Section 7 concludes and
discusses future applications and possible advancements to enhance the method.
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2 Literature Review

The practice of backtesting plays a central role in financial modeling, risk
management, and strategy development. Traditional backtesting often focuses on
verifying model assumptions related to market risk, employing measures such as VaR,
Conditional Value-at-Risk (CVaR), and Expected Shortfall. These techniques have
been extensively discussed in both academic and practitioner literature. Jorion and
McNeil, Frey, & Embrechts provide comprehensive treatments of risk evaluation
frameworks, including VaR backtesting methodologies, while Kupiec and
Christoffersen examine statistical tests for VaR model accuracy [1-4].

However, as financial markets have matured and investor objectives have
diversified, the singular focus on downside risk has drawn criticism. Investors often
care equally about upside potential, long-term returns, and the holistic performance of
their portfolios. The Markowitz mean-variance framework laid the foundation for
portfolio optimization methods that balance expected returns against variance, but
these models often require careful interpretation and robust validation in real-world
conditions [5].

In recent decades, the Sharpe ratio has become a standard measure of risk-adjusted
return, guiding investors in comparing strategies with varying levels of volatility [6,
7]. Although widely used, reliance on the Sharpe ratio alone has known pitfalls—
particularly when return distributions deviate from normality or when leverage and
nonlinear strategies are considered [8].

The literature on backtesting returns instead of purely risk metrics is less
formalized, often appearing in practitioner reports, performance attribution studies,
and private wealth management commentary. However, the concept aligns with
research into long-horizon investing and the quest for stable performance evaluation
metrics [9]. By shifting the focus to a return-centered backtest, we build upon the
foundations laid by classical portfolio theory and modern risk management, offering
an approach that can coexist with, rather than replace, traditional risk-based
evaluations.

3 Methodology and Calculation Process

3.1 Portfolio Construction

Our approach is grounded in the Markowitz mean-variance optimization framework,
which aims to maximize the portfolio’s Sharpe ratio. We begin with a universe of 22
risky assets, composed of 21 representative U.S. stocks from the OEX members and
the S&P 500 Index as a broad market proxy, see Table 1. By including a major
benchmark index alongside a diverse range of equities, we ensure the portfolio’s
performance is not overly dependent on a single sector or company-specific factors.

Table 1. 22 Risky Assets of the Portfolio.

No. Ticker Company Name
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1 SPX S&P 500 Index

2 AMZN Amazon.com, Inc.

3 BKNG Booking Holdings Inc.

4 GOOGL Alphabet Inc.

5 NFLX Netflix, Inc.

6 NKE Nike, Inc.

7 F Ford Motor Company

8 COST Costco Wholesale Corporation

9 HD The Home Depot, Inc.

10 LOW Lowe’s Companies, Inc.

11 MO Altria Group, Inc.

12 KO The Coca-Cola Company
13 PEP PepsiCo, Inc.

14 AMGN Amgen Inc.

15 ABT Abbott Laboratories

16 DHR Danaher Corporation

17 MDT Medtronic plc

18 TMO Thermo Fisher Scientific Inc.
19 UNH UnitedHealth Group Incorporated
20 BMY Bristol-Myers Squibb Company
21 CRM Salesforce, Inc.

22 AXP American Express Company

3.2 Data and Pre-Processing

We utilize monthly adjusted closing prices for each of the 21 selected stocks and the
S&P 500 Index, spanning from September 2004 to September 2024. These monthly
returns are computed as the percentage change from one month’s close to the next.
Using monthly data helps mitigate short-term noise and potential non-Gaussian return
distributions that can dominate at higher frequencies.

Over this 20-year horizon, the data covers multiple economic regimes and market
conditions, including the pre-Global Financial Crisis era, the Great Recession, various
recovery periods, and the post-pandemic landscape. Throughout this dataset, no
missing values were identified, eliminating the need for interpolation or special
handling. We still verify data consistency to ensure that the entire time series is stable
and free from anomalies caused by corporate actions or reporting errors.
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3.3 Calculating Key Asset Metrics and Correlations

Next, a suite of statistical performance and risk parameters is computed for each
selected asset. These parameters include annualized average returns, annualized
standard deviations, market beta, alpha, and residual standard deviations, collectively
summarized in Table 2. Employing established methodologies, beta and alpha are
estimated relative to the S&P 500 Index, which serves as the designated market
benchmark. The beta coefficient quantifies the sensitivity of an asset’s returns to
systematic market fluctuations, while alpha captures the asset-specific return
component that cannot be attributed to the broader market. In turn, the residual
standard deviation indicates the magnitude of idiosyncratic risk not explained by
market movements.

Table 2.Annualized return, risk, and market-relative metrics for the 22 risky assets.

Name
Annualized

Average Return
Annualized
StDev beta

Annualized
alpha

Residual
StDev

SPX 9.53% 14.95% 1.000 0.000 0.00%

AMZN 27.16% 36.02% 1.206 0.157 31.18%

BKNG 31.70% 36.76% 1.206 0.202 32.04%

GOOGL 22.75% 29.73% 1.041 0.128 25.34%

NFLX 40.29% 52.39% 1.058 0.302 49.94%

NKE 13.62% 24.28% 0.897 0.051 20.24%

F 10.75% 48.68% 1.785 -0.063 40.71%

COST 17.70% 19.47% 0.763 0.104 15.78%

HD 14.78% 22.07% 0.941 0.058 17.00%

LOW 14.84% 26.73% 1.124 0.041 20.78%

MO 13.72% 19.89% 0.528 0.087 18.26%

KO 8.91% 15.47% 0.546 0.037 13.14%

PEP 8.32% 14.37% 0.506 0.035 12.21%

AMGN 11.76% 24.55% 0.654 0.055 22.51%

ABT 10.93% 18.49% 0.619 0.050 16.01%

DHR 14.26% 19.40% 0.916 0.055 13.74%

MDT 5.51% 20.83% 0.809 -0.022 16.96%

TMO 16.39% 21.64% 0.884 0.080 17.14%

UNH 16.45% 24.02% 0.743 0.094 21.30%

BMY 8.20% 22.94% 0.561 0.029 21.35%

CRM 26.54% 38.04% 1.383 0.133 31.92%

AXP 13.45% 32.42% 1.426 -0.002 24.42%
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Subsequently, a correlation matrix, noted as P for following calculations, is derived
from the historical return series of the 22 assets. The correlation coefficients reflect
the degree of linear association between each pair of assets, constituting a
fundamental input for the subsequent portfolio variance and covariance estimations.
Accurately capturing these correlations is crucial, as they determine the extent of
diversification benefits that can be realized within the portfolio. Incorporating reliable
correlation estimates ensures that the optimization process is grounded in robust
statistical information, thereby enhancing the credibility of the resulting asset
allocation and improving the fidelity of subsequent performance evaluations.
3.4 Calculating Key Asset Metrics and Correlations

Having established the individual asset metrics and the correlation matrix, the next
step involves determining the portfolio weights that maximize the Sharpe ratio using
the Markowitz mean-variance optimization framework. In this study, we neglect the
effect of the risk-free rate, effectively setting Rf = 0 for the Sharpe ratio calculation.
This simplifies the optimization while still providing a meaningful measure of risk-
adjusted performance.

With Rf set to zero, the Sharpe ratio simplifies to:

Sharpe Ratio= E[Rp]
σp

(1)

Where Rp ​ is the portfolio return and σp ​ is the portfolio’s standard deviation.
Then, to compute the portfolio’s standard deviation σp ​ ​ , we first form the
variance-covariance matrix Σ . Let σ be the vector of individual asset standard
deviations and let P be the correlation matrix of the 22 assets. We construct Σ as
follows:

Σ=diag(σ)Pdiag(σ) (2)

Where diag σ is a diagonal matrix with the elements of σ on its main diagonal.
This transformation converts the correlation matrix P into a variance-covariance
matrix Σ, enabling the calculation of the portfolio variance:

σp2 = wTΣw (3)

Where w is the vector of portfolio weights, and wT is the transpose of the weight
vectorw. Hence, the optimization problem can be framed as:

max
w

E Rp
wTΣw

(4)

Subject to:

i=1
22 wi = 1� (5)

No additional constraints are imposed on the weights, allowing for short positions
if they improve the portfolio’s risk-return trade-off.

While for a non-negative constrains to simulate the typical limitations existing in
the U.S. mutual fund industry, in addition to subjection [5]. The constraint can be
added to formula 4 as:
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wi ≥ 0, for ∀i (6)

We solve this problem using computational tools that support matrix operations
and nonlinear optimization techniques. By systematically adjusting the weight vector
w , the solver identifies the allocation that yields the highest Sharpe ratio (Table 3),
providing the theoretically optimal portfolio composition, expected return, and
standard deviation.

Table 3. Optimum portfolio weight distribution by solver computation for unconstrained
circumstances.

Name Weight

SPX -213.30%

AMZN 5.71%

BKNG 30.38%

GOOGL 25.92%

NFLX 15.04%

NKE 8.07%

F -6.21%

COST 43.07%

HD 16.52%

LOW 6.34%

MO 37.35%

KO 13.08%

PEP 21.08%

AMGN 11.87%

ABT 17.19%

DHR 25.13%

MDT -28.75%

TMO 13.54%

UNH 29.73%

BMY 1.41%

CRM 9.89%
AXP 16.95%

To complement the numerical optimization, we create a graphical representation of
the Markowitz model’s results, presented as Figure 1. This graphical approach aids in
interpreting the optimization outcomes and contextualizing the optimal portfolio’s
performance within the broader set of achievable portfolios.
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Fig. 1. Visualization of the mean-variance optimization results, with optimal risky portfolio
point marked (no constraint).

3.5 Backtesting the Return

Having determined the optimal weights, we backtest the portfolio’s performance over
the sample period. Each month’s portfolio return is computed as the weighted sum of
the individual asset returns. From these monthly returns, we derive cumulative returns,
realized risk-adjusted measures, and evaluate the consistency of performance over
time.

Unlike VaR backtesting, which concentrates on the frequency and severity of tail
events, our return-based backtest focuses on overall historical performance. It allows
us to assess whether a theoretically optimal portfolio (identified ex post) would have
delivered returns consistent with the expectations set by the underlying optimization
framework over two decades of varied market conditions.
3.6 Calculation of Cumulative Return

To evaluate the long-term performance of the optimized portfolio, we calculate the
cumulative return over the 20-year period (September 2004 to September 2024). In
this study, cumulative return is determined by summing the monthly returns, thereby
providing a straightforward measure of total investment growth without accounting
for the compounding effect. The formula used is:

Cumulative Return = t=1
241Rt� (7)
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Where Rt ​ represents the monthly return in period t. This approach allows for a
clear comparison of the portfolio’s total aggregated returns relative to the benchmark
S&P 500 Index.

4 Results

4.1 Portfolio Composition and Weights

Applying the Markowitz mean-variance optimization framework ex post, we obtain a
set of portfolio weights that, when short-selling is permitted, diverge notably from the
market benchmark. The optimization assigns substantially negative weights to the
S&P 500 Index (SPX) and selectively long or short positions in various stocks, guided
purely by historical return and covariance patterns. This allocation reflects an attempt
to capitalize on asset-level inefficiencies and risk-reward imbalances identified
retrospectively. In contrast, using similar computational approaches and repeating the
optimization under a non-negativity constraint (i.e., disallowing short sales), the result
in Table 4. produces a more balanced allocation, with an annualized return of 22.76%,
with a standard deviation and Sharpe ratio of 16.02% and 1.421 respectively. Without
the flexibility to exploit negative exposures, the resulting portfolio focuses solely on
assets deemed relatively attractive on a long-only basis.

Table 4. Optimum portfolio weight distribution by solver computation for non-negativity
constraint.

Name Weight in Percentage

SPX 0.00%

AMZN 0.51%

BKNG 17.94%

GOOGL 11.17%

NFLX 11.22%

NKE 0.00%

F 0.00%

COST 29.57%

HD 0.71%

LOW 0.00%

MO 22.23%

KO 0.00%

PEP 0.00%

AMGN 3.62%

ABT 1.25%

DHR 0.00%
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MDT 0.00%

TMO 0.39%

UNH 13.17%

BMY 0.00%

CRM 2.05%

AXP -13.85%

4.2 Performance Over Time

Over the 20-year sample period (September 2004 to September 2024), the
unconstrained, short-enabled portfolio achieves a considerably higher annualized
return (approximately 39.68%) compared to the benchmark and exhibits a standard
deviation of 22.24% (Table 4). The resulting Sharpe ratio of roughly 1.784 indicates a
notably superior risk-adjusted performance relative to the SPX. In cumulative terms
(Figure 2), this portfolio grows by approximately 830%, far surpassing the SPX’s
224.5% increase. While these results are ex post and not directly achievable in real
time, they underscore the theoretical upper bounds of strategic diversification and
dynamic asset weighting when unconstrained by real-world practicalities.

Under non-negativity constraints, the portfolio’s cumulative return reduces to about
452.7%, still more than double that of the SPX, but substantially lower than the
unconstrained scenario. This result highlights the impact of short positions in
enhancing the portfolio’s capacity to navigate varying market conditions, emphasizing
that the ability to short can significantly influence historical performance outcomes
identified by mean-variance optimization, presented as Figure 2.

Fig.2. Cumulative returns of SPX return, unconstrained portfolio, and non-negativity portfolio.

4.3 Consistency and Drawdowns

An examination of drawdowns provides additional insight. Although the optimized
portfolio is not immune to losses during severe market downturns—such as the 2008–
2009 financial crisis—its recovery patterns and overall trajectory remain consistent
with the historical data utilized in the optimization. This suggests that the portfolio’s
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design does not produce anomalous or unrealistic outcomes. Instead, it appears to
leverage historical return structures to balance upside capture with resilience in
turbulent periods, particularly in the unconstrained case where strategic short
positions can offset certain risk factors.

5 Discussion

The findings offer several important contributions to understanding portfolio
performance through a return-centric lens rather than focusing solely on downside
risk measures such as VaR. By examining historically optimal portfolios—both
unconstrained and long-only—over two decades, this study demonstrates that mean-
variance optimization can identify combinations of assets that significantly
outperform a broad market benchmark in both absolute and risk-adjusted terms.

A key insight emerges from comparing the unconstrained and constrained
scenarios: the ability to short underperforming or highly correlated assets
substantially enhances potential historical returns and improves the Sharpe ratio.
Short-selling, in this context, acts as a mechanism to fine-tune exposures and exploit
inefficiencies detected retrospectively. Nonetheless, even the long-only optimal
portfolio substantially outperforms the SPX, underscoring that carefully structured
diversification and asset selection can deliver meaningful benefits without short
positions.

The return-based framework also offers a more intuitive narrative of how the
portfolio might have evolved over time. This perspective may be particularly valuable
to long-term investors—endowments, pension funds, and individual savers—who
often prioritize stable and growing wealth accumulation rather than focusing
exclusively on the probability of extreme losses. By presenting cumulative return
trajectories and distributional characteristics side-by-side with conventional metrics,
the study bridges the gap between quantitative optimization and investor intuition.

However, it is critical to recognize that these results are contingent upon historical
conditions and the inherent look-ahead bias in the optimization process. The
impressive outperformance arises from ex post identification of favorable return
patterns and may not be replicable in a forward-looking context. Additionally, the
method de-emphasizes tail risks and does not incorporate critical practical
considerations such as transaction costs, taxes, and liquidity constraints.

In light of these factors, the findings should not be viewed as prescriptive, but
rather as a proof of concept for the value of examining long-run return patterns.
Future research can enhance the realism of this framework by incorporating rolling
windows to simulate real-time decision-making, exploring factor models to
decompose returns, or employing advanced computational techniques—such as
machine learning or regime-switching models—to improve the robustness and
predictive power of the results. Stress testing and scenario analysis could further
enrich the assessment by evaluating how the portfolio might perform under
hypothetical or extreme future market conditions.
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In sum, this return-focused, historically grounded approach provides a
complementary perspective to traditional risk-oriented evaluations. By illuminating
how an ex post optimal strategy could have performed, it encourages a more nuanced
understanding of long-term investment outcomes and lays the groundwork for more
sophisticated, real-world applicable methodologies.

6 Limitations and Potential Biases

Notwithstanding the insights gained, several important caveats should be noted:
Ex Post and Look-Ahead Bias: The optimization procedure employs the full

historical dataset, thereby assuming knowledge of future returns [10]. Such an ex post
perspective is not reflective of real-time decision-making, and the reported
performance may overstate what could be achieved by an investor operating without
foreknowledge.

Historical Dependence: The analysis is conducted over a specific 20-year horizon
(2004–2024), encompassing distinct market regimes and economic conditions. There
is no guarantee that the relationships and return patterns observed will persist under
future market configurations, potentially limiting the transferability of these findings
[9].

Survivorship Bias: The asset universe includes only those equities that remained
listed throughout the entire sample period. Consequently, the study may overrepresent
successful, enduring firms and underrepresent those that were delisted or failed,
potentially inflating the historical performance and risk-adjusted returns [11].

Transaction Costs and Market Frictions: The results are presented without
accounting for practical investment constraints, such as transaction costs, taxes, or
liquidity limitations. In practice, these factors can substantially reduce realized returns
and may influence the feasibility of certain portfolio constructions, particularly those
involving short positions.

Limited Emphasis on Tail Risks: While this approach centers on return-based
metrics, it does not address extreme downside events to the same extent as traditional
risk measures. Incorporating tail-risk analyses, scenario testing, or Value-at-Risk
frameworks could provide a more holistic understanding of portfolio robustness under
adverse market conditions.

Distributional Assumptions: Although the use of monthly returns helps reduce the
impact of non-normal return behavior observed at higher frequencies, actual return
distributions may still deviate from normality. Employing alternative statistical
techniques, such as non-parametric methods or regime-switching models, may yield
more accurate representations of the underlying return processes.

In acknowledging these limitations, this work provides a foundation for subsequent
research aimed at refining the methodology, incorporating additional real-world
considerations, and enhancing the generalizability and resilience of the proposed
return-based backtesting framework.
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7 Conclusion

This paper has presented a backtesting methodology that shifts emphasis from
verifying tail-risk predictions (as in VaR backtesting) to assessing the overall return
performance of a stable, theoretically optimal investment strategy over a long
historical period. By applying this framework to an optimized Markowitz portfolio of
22 risky assets—21 U.S. stocks plus the S&P 500 Index—and analyzing monthly
returns over two decades, we demonstrate that the resulting performance patterns
closely align with expectations, offering an intuitive and investor-friendly perspective
on historical strategy viability.

The key contribution of this approach lies in its ability to provide a clearer and
more intuitive narrative of strategy performance for investors who prefer to
understand how their investments might have grown, rather than focus predominantly
on the probability and severity of losses. This return-based backtesting method serves
as a valuable complement to traditional risk-centric evaluations, adding depth and
balance to the portfolio management toolkit.

For future Applications and Advancements, there are several promising avenues
exist for advancing this methodology:

Dynamic and Rolling Windows: Instead of using the entire historical dataset ex
post, future research can implement rolling windows and real-time updates. This
would produce a more realistic depiction of investor decision-making over time,
refining our understanding of how often rebalancing is needed and how stable the
optimal weights remain under evolving conditions.

Integration with Factor Models: Incorporating factor models (such as the Fama-
French Five-Factor Model, or momentum and low-volatility strategies) could add
granularity to return-based backtesting. By attributing performance to underlying
factor exposures, investors can better understand where returns are coming from and
how stable these sources might be.

Machine Learning Techniques: Advances in data science provide opportunities to
replace or supplement mean-variance optimization with more flexible machine
learning and artificial intelligence methods. Neural networks, reinforcement learning,
and genetic algorithms could identify non-linear relationships or regime shifts,
improving future return predictions and portfolio stability.

Incorporation of ESG and Non-Financial Metrics: As sustainable investing and
ESG considerations grow in importance, backtesting methods could incorporate non-
financial data streams. Evaluating how ESG scores or carbon footprints correlate with
returns over time might help investors ensure that their portfolios not only deliver
acceptable returns but also align with personal values and regulatory expectations.
Notably, some recent studies have already proven the rising impact of ESG factors to
portfolio profitability.

Stress Testing and Scenario Analysis: Future enhancements can complement
return-based backtesting with scenario analysis, simulating hypothetical market
conditions not observed in the past. This hybrid approach would measure how the
portfolio might respond to unprecedented shocks, geopolitical events, or technological
disruptions.
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Ultimately, while this return-based backtesting methodology is not a panacea, it
represents a meaningful step toward more comprehensive, investor-friendly
evaluation tools. By shifting the narrative from purely “Can this model predict losses?”
to “How would this strategy have grown wealth?” the method resonates with the
objectives of many long-term investors. As financial markets and technologies evolve,
integrating return-based performance measures with advanced risk analytics, factor
considerations, and ESG metrics can further refine and enhance the applicability of
this approach.
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