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1. Introduction

In a low-interest rate environment, investors may be tempted to allocate more to equi-
ties in search of higher returns over shorter horizons. However, Heugh and Fox (2018)
highlights that active share portfolios, as introduced by Cremers and Petajisto (2009),
combined with disciplined investment strategies, can help investors benefit from the short-
term behavior of other market participants. Adopting a strategy that focuses on more
persistent return components requires patience and the willingness to tolerate a certain
level of risk while waiting for the expected gains to materialize. Markowitz’s modern
portfolio theory (Markowitz, 1952) provides a framework for optimizing the trade-off be-
tween risk and return. Nevertheless, this approach depends heavily on the estimation of
the covariance matrix of returns, which can be challenging, particularly when returns are
dominated by short-term fluctuations.

A great deal of the literature on portfolio selection focuses on the covariance matrix
of returns, proposing various methods to estimate it more accurately (see Pafka and
Kondor (2004)). For instance, Ledoit and Wolf (2003a) and Ledoit and Wolf (2003b)
introduced shrinkage techniques to improve the estimation of covariance matrices. Zhifeng
and Fei (2019) propose to reduce estimation error in the mean-variance portfolio model
by considering regularization in the objective function. Another branch of literature
focuses on filtering with the aim of reducing noise and improving the stability of portfolio
weights. Park and O’Leary (2010) proposed a Tikhonov filtering approach to regularize
the covariance matrix. Daly et al. (2008) apply random matrix theory (RMT) filters to
covariance matrices of financial returns, and shown improvements to the optimization of
stock portfolios.

To construct an investment portfolio focused on more stable return components,
Cochrane (2021) argues that investors should prioritize assets with low long-horizon
volatility to capture more persistent returns. Although variable-cost assets such as stocks
exhibit high volatility at daily frequencies, this volatility becomes less relevant over longer
horizons, as noted by Adrian and Rosenberg (2008). In this paper, we propose a portfo-
lio construction method that reduces the impact of short-term co-movements in returns,
which may be less relevant depending on the investor’s time horizon. By filtering out
high-frequency components or rapid fluctuations, the covariance matrix estimated from
the filtered data highlights relationships driven by lower-frequency components or more
persistent trends in stock returns. This approach can be particularly beneficial when the
focus is on medium-term dynamics rather than short-term noise.

Compared to our approach, Park and O’Leary (2010) regularizes the covariance matrix
by shrinking its eigenvalues to reduce estimation noise and ensure invertibility. However,
this method applies uniform shrinkage across all components, without accounting for the
temporal dynamics embedded in asset returns. In contrast, we propose selectively remov-
ing high-frequency components from the return series, thereby filtering out short-term
co-movements that may be less relevant for portfolio decisions over multi-month horizons.
Additionally, frequency-based filtering offers more intuitive parameter control through a
frequency cutoff that can be directly aligned with the investor’s target horizon, enhancing
both methodological transparency and practical applicability. Importantly, Corbae et al.
(2002) and Taufemback (2023) show that relationships among variables can vary substan-
tially across frequencies and provide formal tools to capture these frequency-dependent
dynamics. Their findings reinforce the importance of modeling how different components
across the frequency domain contribute to asset co-movements, further motivating our



frequency-based approach.
Regarding co-movements, the Dieckelmann et al. (2024) report highlights how passive

investing has increased stock price correlations - when passive funds buy or sell based on
index composition rather than individual company performance, stocks move together
more often. This makes it difficult to assess a company’s true value, since stock prices
now respond more to overall index movements than to company-specific news.

In response, contemporary research has focused on advanced filtering techniques to
mitigate these distortions. Salas-Molina and Nin (2026) addresses instability in hierarchi-
cal portfolio selection by improving the signal-to-noise ratio in covariance and correlation
matrix estimation, particularly when dealing with limited observations. Similarly, Bon-
giorno et al. (2026) develops a neural network approach that learns to regularize both
eigenvalues and marginal volatilities of large covariance matrices, optimizing directly for
out-of-sample portfolio variance minimization. These studies collectively underscore the
necessity of the frequency-based filtering approach we propose, which aims to isolate the
investment-relevant components of asset returns from short-term fluctuations.

Thus, the main goal of this research is to propose a portfolio construction method
that accounts for the risk associated with assets while reducing the influence of short-
term volatility in return series. Beyond methodological contributions, this study offers
practical implications for asset managers and long-term investors, such as pension funds,
who aim to minimize turnover costs associated with short-term volatility. By filtering out
transient fluctuations, our approach aids allocators in constructing portfolios that align
better with multi-month rebalancing schedules, potentially reducing transaction costs
and improving risk-adjusted returns.

As detailed in Section 3, the method estimates the covariance matrix from return
data filtered through a low-pass filter, which aims to attenuate short-term fluctuations
in asset prices. This filtering enhances the stability and performance of portfolios over
multi-month investment horizons. Beyond Section 3, the paper is organized as follows:
theoretical foundations are reviewed in Section 2; data sources and processing are de-
scribed in Section 4; empirical results are analyzed in Section 5; and conclusions are
presented in Section 6.

2. Modern Portfolio Theory and Filtering

According to Markowitz (1952), the process of building a portfolio consists of two stages:
the first is the selection of stocks, which is based on observations and experiences that
reinforce beliefs about the performance of future returns. The second stage is to combine
these beliefs about various assets in order to build a portfolio that can achieve the desired
return with the least amount of risk.

According to Markowitz (1999), it is implied in this method that one way to reduce the
variability of returns is by the diversification of assets in a portfolio, with an expected
return with a low risk value. This method of dealing with the risk associated with
investment has been criticized in Stoyanov et al. (2011), but it has also been shown to
be effective in managing the overall risk of the portfolio.

The method of modern portfolio theory explained using matrix algebra is discussed
in the literature on asset prediction and portfolio theory, as demonstrated in Cochrane
(2008) and Constantinides and Malliaris (1995).

As demonstrated in Ingersoll (1987) and Cochrane (2001), given any set of time series
of log-returns Y , i.e., Y = {y1,t, y2,t, . . . , yn,t}Tt=1, then the set of averages is given by



µ = {µ1, . . . , µn}, being n the number of assets, and its covariance matrix is given by Σ.
According to Sharpe (1966), the best portfolio will be one that crosses an efficient

border. According to Bailey and Lopez de Prado (2012), when defining the Efficient
Frontier with Sharpe Ratio, we are looking at a set of stocks that provide the highest
expected return in relation to risk.

Given a set of assets and one risk-free activity, the portfolio designed to maximize the
Sharpe Ratio is known as a Markowitz-Sharpe Portfolio, according to Ingersoll (1987).
The Markowitz-Sharpe weights are denoted by t = (t1, . . . , tn)

′, which solves the following
problem of restricted maximization.

t = argmax
τ

τ ′µ− r∗

(τ ′Στ)
1

2

s.t. τ ′1 = 1 and τi > 0, ∀i, i = 1 . . . , n, (1)

where µp,t = t′µ e σp,t = (t′Σt)
1

2 . The value of τ that solves the optimization problem
(1) is:

t =
Σ−1 (µ− r∗ · 1)
1′Σ−1 (µ− r∗ · 1) . (2)

2.1 Low-pass Filter

Demonstrated in Christiano and Fitzgerald (2003), the low-pass filter is a linear data
transformation that produces only the primary components within a predetermined fre-
quency range, removing the remainder of the information.

According to Christiano and Fitzgerald (1998), there is a straightforward method for
extracting components from a frequency band in a time series. Given the temporal series
{y}nt=1, it can be expressed as

yt =

∫ π

0

[a(ω) cos(ωt) + b(ω) sin(ωt)]dω, ∀t,

or as

yt = a0 + a1 cos (tω1) + b1 sin (tω1) + . . .+ aT/2 cos
(

tωT/2

)

+ bT/2 sin
(

tωT/2

)

,

for t = 1, . . . , T , and T being the total number of observations of the original time series
and where we have

ωj = 2πj/T, j = 1, . . . , T/2. (3)

Thus, if we want to filter the series {yt}Tt=1 by allowing only frequencies below ωf , we
can do so by defining

X =











1 cos (ω1) sin (ω1) · · · cos (ωf ) sin (ωf )
1 cos (2ω1) sin (2ω1) · · · cos (2ωf ) sin (2ωf )
...

...
...

...
1 cos (Tω1) sin (Tω1) · · · cos (Tωf ) sin (Tωf )











.

and obtain the low-pass filter components by

β̂ = (X ′X)
−1

X ′Y



where β = {a0, a1, b1, . . . , af , bf}′. Therefore, the filtered time series, Ŷf , is estimated as

Ŷf = Xβ̂. (4)

3. Proposed Model

The proposed model extends the Markowitz-Sharpe methodology, as discussed in Section
2, particularly the equation (1). In this approach, the covariance matrix, Σ, is replaced
with one derived from the filtered series (see equation 4). By removing the short-term
covariance of returns, the portfolio weights are expected to be less sensitive to rapid and
temporary fluctuations.

Let Yf be a collection of log-return series obtained by projecting Y onto sines and
cosines within the frequency range from 0 to ωf = 2πf/T , i.e.,

Yf = {yf1,t, . . . , yfn,t}Tt=1,

where n represents the number of assets in the set, then the matrix Σf denotes the
correlation matrix of the assets in Yf . Finally, the portfolio is constructed using a risk-
free asset and the filtered covariance matrix given by

tf = argmax
τ

τ ′µ− r∗

(τ ′Σfτ)
1

2

given that τ ′1 = 1, (5)

where the equation (5) defines what we call the Horizon-Adjusted Markowitz or HAM.
As a result, the allocation of positions in the portfolio, given the presence of a risk-free

asset, is determined by maximizing the value of tf , ensuring that the difference between
the expected return and the risk-free rate is as significant as possible. Note that we
use the expected value of the original series and not from the filtered series since the
primary objective of filtering is to remove any high-frequency variation components and
co-movements. Furthermore, the expected values of filtered series misrepresent the gains
and losses of those series over the analyzed time.

4. Data and Methods Comparison

The data comprises all companies belonging to the Dow Jones Industrial Average, and
were obtained through the Yahoo Finance for the period between January 1, 2021 and
January 31, 2025. In that period, the index had 2 alterations on the companies that
composed it, totalizing 33 companies being a part of the Dow Jones, please see Table IV.
During the analyzed period, Amazon replaced Walgreens Boots Alliance on February 26,
2024. Subsequently, on November 8, 2024, Nvidia replaced Intel, and Sherwin-Williams
replaced Dow Inc.

Following standard practice in financial literature, e.g., O’Neil and Ryan (2002);
Huang et al. (2025); Mostafavi and Hooman (2025), we utilize adjusted closing prices
to compute asset returns. The adjusted close price accounts for corporate actions such as
stock splits and dividend distributions, ensuring that the return series reflects the total
return available to an investor, rather than just capital appreciation. This distinction is
relevant for long-horizon portfolio analysis, since ignoring dividend reinvestment can lead
to significant downward bias in cumulative performance metrics.



The Interest Rates, Discount Rate for the United States series, obtained at the FED
St. Louis, was used as a risk-free asset in the portfolio composition. The original series
is annually divided into 252 days and converted into daily gains.

Regarding the comparison between methods, we consider the return at time t, for a
given methodm and horizon h, denoted by rt,m,h. Based on this, the following comparison
metrics were considered:

Λm,h =
T
∑

t=1

rt,m,h, µ̂m,h =
Λm,h

T
, σ̂2

m,h =
1

T − 1

T
∑

t=1

(rt,m,h − µ̂m,h)
2. (6)

We denote with Λm,h the sum of accumulated returns for the method m given the
horizon h, µ̂m,h is the average return value for the method m, given the horizon h and
σ̂2
m,h represents the variability of the method m, for the horizon h.
To evaluate the robustness of our proposed method in comparison with the benchmark

models we employ the Ledoit-Wolf Test. According to Ledoit and Wolf (2008), there are
two investment strategies i and j, whose additional return in comparison to a benchmark
return at a point t is rti and rtj, respectively. The benchmark return in this case is
typically given by the return of a risk-free asset, but it might also be the ticker of another
reference asset.

Given a total of T pairs of returns in t moments, as determined by the set of returns
(r1i, r1j)

′ , . . . , (rT i, rTj)
′ being observed. It is assumed that these observations constitute

a strictly stationary temporal series, so that the multivariate distribution of returns does
not change over time. This distribution has a µ median and a Σ covariance matrix.

µ =

(

µi

µj

)

and Σ =

(

σ2
i σij

σij σ2
j

)

.

The sample means and variances of the observed returns are denoted by µ̂i, µ̂j and
σ̂2
i , σ̂

2
j , respectively. The difference between the Sharpe ratios i and j is given by

∆ =
µi

σi

− µj

σj

and the estimated difference is given by

∆̂ =
µ̂i

σ̂i

− µ̂j

σ̂j

.

Furthermore, take into account u =
(

µi, µj, σ
2
i , σ

2
j

)

′

e û = (µ̂iµ̂j, σ̂
2
i , σ̂

2
i )

′

. Memmel

(2003) calculates the error for ∆̂ based on the following

√
T (û− u)

d→ N(0; Ω),

where
d→ refers to convergence in distribution and the use of the delta method However,

Ω was based on the i.i.d. return of a normal bivariate distribution, which assumes that

Ω =









σ2
i σin 0 0

σij σ2
n 0 0

0 0 2σ4
i 2σ2

ij

0 0 2σ2
ij 2σ4

j









.



The above formula is invalid if the distribution of returns does not follow a normal
distribution or if the observations are not correlated over time. To address this condition,
Ledoit and Wolf (2008) suggests using Heteroskedasticity- and autocorrelation-consistent
estimators, or HAC, for the covariance matrix, as well as bootstrap techniques.

5. Empirical Study

This section presents an empirical evaluation of the proposed filtering-based portfolio
optimization method, as detailed in Section 3. The objective is to assess whether incor-
porating frequency-domain information into the estimation of expected returns and the
covariance matrix can improve the out-of-sample performance of optimized portfolios.
Three investment horizons are analyzed: one month, three months, and six months.

For each re-balancing date t, the portfolios are constructed using one year of historical
data to estimate the vector of expected returns and the covariance matrix. Given the
assumption of 252 trading days in a year, this results in a rolling window of size T = 252.
The dataset includes adjusted stock prices, and the assets under analysis correspond to
the components of the Dow Jones index, see Section 4. The evaluation period begins at
the start date of the database and ends at the last feasible date for each horizon.

The filtered expected returns are obtained by applying a low-pass filter to the return
series using the method described in equation (3). Specifically, the set of frequencies is
defined by f = {15, 16, . . . , 100}, and for each frequency f , a Fourier basis composed of
sine and cosine terms up to order f is constructed.

For each combination of investment horizon and frequency, the performance of three
portfolio strategies is evaluated: (i) a naive equally weighted portfolio, (ii) the Markowitz-
Sharpe portfolio using unfiltered inputs, and (iii) the Horizon-Adjusted Markowitz method
(HAMf , where f represent the maximum frequency). Portfolio weights are recalculated
at each time step using rolling estimations, and their out-of-sample performance is as-
sessed through the Sharpe ratio over a moving evaluation window of twenty-one days.

Although we evaluated a range of frequencies, for each investment horizon, we report
only the results corresponding to the value of f that produced the best performance
metrics (i.e., highest returns and Sharpe Ratios). It is important to note that the high
accumulated log-returns obtained with all methods should be interpreted with caution, as
the results do not account for transaction costs or the operational constraints involved in
continuously reinvesting capital and maintaining overlapping positions. These factors can
significantly reduce the realized profitability in practice. However, this metric remains
valuable for understanding the relative performance and behavior of the strategies over
time.

1 month horizon

Table I presents the descriptive statistics for the one-month horizon. The proposed
method, HAM34, achieved the highest average log-return of 0.0078 and the highest cumu-
lative log-return of 5.8507, outperforming both the Naive and Markowitz-Sharpe strate-
gies. While its standard deviation was slightly higher than that of the Naive method, it
remained lower than that of the Markowitz-Sharpe approach.

Figure 1 illustrates the rolling mean of 21-day log-returns. Moments where the Sharpe
Ratio (SR) showing statistically significant for each method is shown. HAM34 exhib-
ited superior performance over the Naive method with 33.33% more instances. When



compared to the Markowitz-Sharpe method, HAM34 recorded 18.75% more periods of
significative higher SR.

Table I: Descriptive comparison of results for h = 1m.

µ̂m σ̂m Λm

Naive 0.0051 0.0416 3.8576
Markowitz-Sharpe 0.0067 0.0451 5.0405
HAM34 0.0078 0.0424 5.8507

Note: µ̂m, σ̂m e Λm represents the average of log-returns, the standard deviation and the
cumulative return using each method, see Equation (6). Results for the range between
Jan 1st of 2021 to Jan 31th of 2025.

3 months horizon

As shown in Table II, the HAM31 method again delivered the best results across all per-
formance metrics. It yielded an average log-return of 0.0289 and a cumulative log-return
of 20.4843, both of which were notably higher than those achieved by the benchmark
models. Although it had the highest standard deviation, this was offset by superior
overall gains.

Figure 2 confirms the outperformance of HAM31. Compared to the Naive method,
it registered 100.07% more instances of higher SR. Remarkably, the Markowitz-Sharpe
method did not produce any periods in which it outperformed HAM31 with statistical
significance.

Table II: Descriptive comparison of results for h = 3m.

µ̂m σ̂m Λm

Naive 0.0181 0.0588 12.8335
Markowitz-Sharpe 0.0224 0.0638 15.8620
HAM31 0.0289 0.0662 20.4843

Note: µ̂m, σ̂m e Λm represents the average of log-returns, the standard deviation and
the cumulative log-return using each method, see Equation (6). Results for the range
between Jan 1st of 2021 to Jan 31th of 2025.

6 months horizon

For the six-month horizon, HAM25 continued to outperform the benchmark strategies, as
shown in Table III. It achieved the highest average log-return of 0.0503 and cumulative
log-return of 32.4792, with a moderate standard deviation.

Figure 3 highlights the relative performance advantage of HAM25. It exhibited 20%
more instances of superior SR than the Naive method. Compared to the Markowitz-
Sharpe strategy, HAM25 outperformed with 62.5% more periods of statistical superior
SR.



Table III: Descriptive comparison of results for h = 6m.

µ̂m σ̂m Λm

Naive 0.0416 0.0769 26.8580
Markowitz-Sharpe 0.0470 0.0825 30.3552
HAM25 0.0503 0.0789 32.4792

Note: µ̂m, σ̂m e Λm represents the average of log-returns, the standard deviation and
the cumulative log-return using each method, see Equation (6). Results for the range
between Jan 1st of 2021 to Jan 31th of 2025.

6. Conclusion

This study introduced an alternative to the traditional Markowitz-Sharpe portfolio op-
timization framework by incorporating a short-term fluctuation filtering approach aimed
at reducing return variability. The analysis was conducted using investment periods of
one, three, and six months. The U.S. basic interest rate served as the benchmark for the
risk-free asset. The proposed methodology demonstrated consistent improvements over
the traditional approach in return and risk-adjusted performance across all horizons,
highlighting the potential of signal filtering techniques in enhancing portfolio allocation
strategies.

This study demonstrates that filtering short-term co-movements improves portfolio
performance over monthly horizons, offering practical benefits for institutional investors
with quarterly rebalancing schedules by reducing noise-driven volatility. Nevertheless,
some limitations require attention: the choice of frequency cutoff remains somewhat arbi-
trary and may require adjustment across different market conditions, and our reliance on
historical U.S. equity data limits generalizability to other markets or asset classes. Future
work could explore the robustness of this methodology in emerging markets, cryptocur-
rency portfolios, or mixed-asset environments, and investigate whether adaptive filtering
techniques - such as those employing machine learning to dynamically select cutoff fre-
quencies - outperform the fixed-horizon approach proposed here. Additionally, comparing
frequency-domain filtering with alternative noise reduction methods including hierarchi-
cal clustering approaches, such Salas-Molina and Nin (2026), would provide valuable
insights into the relative effectiveness of different covariance matrix cleaning strategies.
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Figure 1: Rolling mean returns of twenty one days for one month horizon, HAM34 and
Naive methods at top and HAM34 and Markowitz-Sharpe methods at bottom.
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Figure 2: Rolling mean returns of twenty one days for three months horizon, HAM31 and
Naive methods at top and HAM31 and Markowitz-Sharpe methods at bottom.
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Figure 3: Rolling mean returns of twenty one days for six months horizon, HAM25 and
Naive methods at top and HAM25 and Markowitz-Sharpe methods at bottom.



Table IV: Companies present in the Dow Jones Industrial Average Index, between 2021
and 2025.

Industry Ticker Added in Removed in

3M Company MMM Aug 09 1976 -
The Goldman Sachs Group, Inc. GS Sep 23 2013 -
Nike, Inc. NKE Sep 23 2013 -
American Express Company AXPB Aug 30 1982 -
The Home Depot, Inc. HOME Nov 01 1999 -
The Procter & Gamble Company PG Aug 15 1933 -
Amgen Inc. AMGN Aug 31 2020 -
Honeywell International Inc. HON Aug 31 2020 -
salesforce.com, inc. CRM Aug 31 2020 -
Apple Inc. AAPL Mar 19 2015 -
Intel Corporation ITLC Nov 01 1999 Nov 08 2024
The Travelers Companies, Inc. TRV Jun 08 2009 -
The Boeing Company BA Mar 12 1987 -
IBM Corporation IBM May 26 1932 -
UnitedHealth Group Incorporated UNH Sep 24 2012 -
Caterpillar Inc. CAT May 06 1991 -
Johnson & Johnson JNJ Mar 17 1997 -
Verizon Communications Inc. VERZ Apr 08 2004 -
Chevron Corporation CVX Feb 19 2008 -
JPMorgan Chase & Co. JPM Mar 17 1997 -
Visa Inc. V Sep 23 2013 -
Cisco Systems, Inc. CSCO Jun 08 2009 -
McDonald’s Corporation MCD Oct 30 1985 -
Walgreens Boots Alliance, Inc. WBA Jun 26 2018 Fev 26 2022
The Coca-Cola Company KO May 26 1932 -
Merck & Co., Inc. MRK Jun 29 1979 -
Walmart Inc. WMT Mar 17 1997 -
Dow Inc. DOW Apr 02 2019 Nov 08 2024
Microsoft Corporation MSFT Nov 01 1999 -
The Walt Disney Company DIS Mar 17 1997 -
Amazon AMZN Fev 26 2022 -
NVIDIA NVDA Nov 08 2024 -
Sherwin Williams SHW Nov 08 2024 -
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