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Abstract

I propose a new approach to multi-period portfolio choice in high-dimensional settings that
considers important aspects of the joint distribution of holding-period returns while being agnostic
about the dynamics of investment opportunities. I characterize optimal final payoffs through
factor principal components of holding-period returns and form tradable factor-tracking portfolios
that deliver these horizon-specific payoffs. The resulting optimal portfolio is a utility-maximizing
combination of the factor-tracking portfolios. Using broad samples of equity portfolios as
investable test assets, I show economically large utility gains for investors compared to important
benchmarks, both in-sample and out-of-sample. More importantly, the estimated portfolio rules
are horizon-specific: optimal short-horizon strategies cost investors with long horizons, while
optimal long-horizon strategies appear deeply unattractive when evaluated by their short-term
returns. The findings provide compelling evidence for the economic value of investment horizon
in portfolio decisions and challenge the conventional focus on short-term performance metrics for

evaluating portfolios of long-horizon investors.
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1 Introduction

Investors have different investment horizons that demand attention to portfolio returns compounded
over their target horizons. When returns are not independent and identically distributed (i.i.d.),
the abundant evidence on short-run (e.g., monthly) returns may not fully describe long-horizon
compounded outcomes, as investment horizon affects return distributions. Past findings confirm that
multi-period compounded returns contain important information that is not readily evident in the
unconditional and conditional distributions of short-horizon returns: attractive strategies based on
monthly returns may lose their value when evaluated over longer holding periods (e.g., Bessembinder,
Cooper, and Zhang, 2023), and popular asset pricing models fail to explain long-horizon returns (e.g.,
Chernov, Lochstoer, and Lundeby, 2022). The challenge lies in developing investment strategies that
can effectively exploit the distinct characteristics of compounded returns across different investment
horizons.

In this paper, I propose a new approach to multi-period portfolio choice that considers important
properties of the distribution of holding-period returns and is suitable for realistic applications
where the number of assets is large. I take the perspective of a power utility investor with no
outside income who wants to maximize utility over wealth at a k-month horizon by allocating funds
each month across a large number of risky assets, IV, and a risk-free asset. I characterize optimal
buy-and-hold portfolios as combinations of systematic factors of compounded asset returns over
investors’ target horizons, and form tradable factor-tracking portfolios with the same weights as the
buy-and-hold factors. The resulting optimal portfolio is a utility-maximizing combination of the
factor-tracking portfolios. The empirical results document economically large k-month utility gains
for investors compared to important benchmarks, both in-sample and out-of-sample. What is more,
the portfolio rules are horizon-specific: a k-month investor benefits from adopting a horizon-matched
strategy compared to strategies optimized for most alternative horizons. The results reveal that
aligning portfolios with horizon translates into robust utility gains for investors, highlighting the

practical value of horizon in real-time decisions.



The study of multi-period portfolio choice has a long history in the finance literature. Merton
(1969, 1971) formally introduced investment horizon in portfolio selection by extending Markowitz’s
(1952) single-period framework to account for time-variation in investment opportunities. This
insight led to dynamic multi-period optimization methods which rely on parametric assumptions
to model particular aspects of investment opportunities (e.g., time-varying expected returns and
volatility).! While theoretically sound, these methods are highly sensitive to misspecification, as
errors in modeling the conditional dynamics accumulate over horizons, and the solutions become
prohibitively complex with more than a few risky assets. As a result, the economic gains from
implementing optimal dynamic strategies are often minimal, and few financial institutions implement
dynamic multi-period strategies (Brandt, 2010; Cochrane, 2022).2

Cochrane (2014) argues that characterizing final investment payoffs leads to implementing more
practical multi-period strategies by separating the economic question of which payoffs to target,
from the portfolio decisions that achieve those payoffs. This perspective focuses on the investment
outcomes that investors ultimately care about and shifts attention away from modeling conditional
return dynamics. My approach builds directly on Cochrane’s insight; I first ask what optimal
investment payoffs look like—that is, what combinations of assets provide optimal investment payoffs
at the desired horizon—and then develop portfolio decisions that seek to deliver those payoffs.

To characterize the investment payoffs, I work directly with compounded holding-period returns.
The benefit of this choice is twofold. First, compounded returns preserve the time-series and cross-
sectional relations over investors’ target horizons and implicitly reflect the effects of time-varying

investment opportunities during the holding periods without requiring explicit assumptions about

!Several studies have proposed numerical and analytical approaches to approximate the dynamic portfolio problem.
Notable examples include Brennan, Schwartz, and Lagnado (1997) and Barberis (2000), who develop discrete-state
numerical algorithms for finite-horizon problems. Closed-form solutions in continuous time models are derived under
specific utility and market assumptions, such as Campbell and Viceira (1999, 2001, 2002), and Schroder and Skiadas
(1999). Alternative approaches, such as Brandt (1999), Ait-Sahalia and Brandt (2001), and Brandt and Santa-Clara
(2006), reformulate the problem by predicting optimal portfolio weights directly or expanding the asset space to
include managed portfolios.

2The complexity of dynamic portfolio optimization, combined with estimation errors, makes these approaches
impractical in real-world applications. Practitioners often argue that the utility losses from errors in solving complex
dynamic problems outweigh the small gains from optimal multi-period investing.



the underlying state space.

Second, working with compounded asset returns enables me to link the differences in optimal
portfolios across horizons to the horizon-dependent nature of risk and return. Recent studies
document the presence of horizon-specific risks and factors in the payoff space.> Some factors
explain variation in expected returns over short horizons, while others become more relevant at
longer horizons. Motivated by these findings, I assume k-month compounded excess returns admit
an approximate factor structure, such that J orthogonal factors capture the systematic risks of
k-month returns, and I estimate the systematic factors using principal component analysis (PCA)
on the covariance matrix of k-month excess returns. Under the factor structure assumption, the
optimal buy-and-hold risky payoff is a combination of payoffs to a few (J <« N) systematic factors
of k-month returns.

Next, I turn to constructing portfolio strategies that deliver these systematic payoffs. For each
horizon k, I form J monthly factor-tracking portfolios in real-time that weight assets according to
the estimated loadings on the J systematic factors of k-month returns. The factor-tracking portfolios
are monthly traded managed portfolios whose compounded k-period payoffs approximate those
of the target horizon factors. A k-period investor buys a fixed combination of the factor-tracking
portfolios that maximizes expected utility over the k-period wealth.

In the empirical analysis, I apply this approach to a large sample of 230 equity portfolios.*
Investors have power utility over terminal wealth with a relative risk aversion of five and investment
horizons ranging from one month to ten years. I explore a range of values for the number of factors
(J) to account for potential differences in the dimensionality of return comovements across horizons.
For the in-sample results, the optimal combination of factor-tracking portfolios is estimated using
the full sample of k-period returns. For the out-of-sample results, I estimate this combination using

only historical data available at the time of portfolio formation.

3See, for example, Kamara, Korajczyk, Lou, and Sadka (2016); Bandi, Chaudhuri, Lo, and Tamoni (2021); and
Neuhierl and Varneskov (2021).

“The underlying test assets are the long and short legs of 115 characteristic-sorted portfolios from the Chen and
Zimmermann (2022) dataset.



The first set of results evaluates the effectiveness of the managed strategies by comparing their
k-period certainty-equivalent returns (CER) and statistical properties to two benchmark portfolios:
an equally weighted portfolio (EW) and a portfolio that invests equally in anomaly strategies
(LS).” The managed strategies consistently generate higher k-period CERs than the benchmarks
across horizons, both in-sample and out-of-sample. Over the short run, the long-minus-short (LS)
benchmark delivers strong CERs, reflecting the performance of anomaly strategies during the sample
period. However, managed strategies based on six or more factors (J > 6) generate higher CER than
the LS benchmark over short horizons. With nine factor-tracking portfolios (J = 9), the in-sample
CERs of one- and 12-period strategies are 13.78% and 12.54% per year, respectively, which are 1.19
and 1.14 times that of the LS benchmark over the respective short horizons. Over longer horizons,
strategies require only a few factor-tracking portfolios to outperform benchmarks. In the simplest
case, which assumes one latent systematic factor for the cross-section of k-month returns (J = 1),
the 120-month in-sample CER of the horizon-specific strategy is 10.16% per year, which is 1.23
times that of the EW benchmark and 1.52 times that of the LS benchmark. The in-sample CERs
naturally increase with a higher number of factor-tracking portfolios; with only six factors (J = 6),
the annualized in-sample CER reaches 13.92% for the 120-month strategy, substantially higher than
those of the benchmark portfolios.

The horizon-specific strategies also outperform benchmark portfolios in the out-of-sample design,
showcasing the practicality of my approach for real-time multi-period investors. Over one- and
12-period, the annualized CERs of managed portfolios reach 1.30 and 1.17 times the CERs of the
LS benchmark, respectively. The superior performance of the horizon-specific strategies compared
to benchmarks is more prominent over longer investment horizons. Over 120 months, the CER
of the horizon-specific strategy based on a single factor (J = 1) is 8.90% per year and reaches

13.80% with J = 10. Over the same sample, the annualized 120-month CERs of the EW and

5The equally weighted (EW) benchmark allocates equal weight to each of the 230 long and short decile portfolios.
The long-minus-short (LS) benchmark invests equally in 115 anomaly strategies; each formed as the return difference
between top and bottom deciles sorted on a predictor variable.



LS benchmarks are 7.23% and 5.31%, respectively. It is well-documented that naive benchmark
portfolios are difficult to outperform in single-period out-of-sample settings, as estimation errors
often negate the theoretical benefits of optimal allocations (e.g., DeMiguel, Garlappi, and Uppal,
2009). This challenge is amplified in multi-period settings with larger asset universes, to the extent
that empirical studies rarely attempt dynamic portfolio optimization beyond a handful of risky
assets.® The real-time gains in this paper underscore the value of explicitly accounting for properties
of compounded returns over investment target horizons in developing more practical multi-period
investment strategies.

The properties of k-period payoffs further illustrate the sources of managed strategies’ higher
certainty-equivalent returns compared to benchmarks. Unlike the benchmark portfolios, the managed
strategies benefit from increasing mean returns combined with decreasing per-period risk, as measured
by k-month variance ratios. Over longer horizons, the horizon-specific strategies exhibit positive
skewness and limited tail risk—an appealing return profile for long-horizon risk-averse investors.

I further examine whether the strong performance of managed strategies is driven by their
alignment with investor horizons. For an investor with a horizon of k¥ months, I compare the k-period
CERs from a strategy estimated for k against the k-period CERs under strategies optimized for
other horizons. This comparison isolates the role of horizon in driving multi-period performance
and speaks directly to the economic value of incorporating investment horizon in portfolio decisions.
The results show that k-period investors systematically benefit from the horizon-matched strategies
rather than strategies optimized for alternative horizons. In-sample, a 120-month investor gains
an additional 4.31% CER per year over her investment horizon by switching from the one-period
(myopic) strategy to the 120-period strategy. Additionally, the differences in CERs generally increase
with the gap between investment and strategy horizons: while 60-month investors lose 1.79%

annualized CER over their investment horizon by following a 36-month strategy instead of their

5Many studies highlight the inefficiency of multi-period dynamic frameworks in achieving real-time utility gains
for investors. For example, Bianchi and Guidolin (2014) documents that dynamic optimization fails to outperform
naive equally weighted portfolios in real-time when using up to 11 equity portfolios as test assets.



own, they expect to lose 2.89% by following a myopic strategy and 5.18% by following a 120-month
strategy. These horizon-specific patterns hold in the out-of-sample results. Out-of-sample, a myopic
strategy costs investors with 60-, 96-, and 120-month horizons CERs of 1.92, 2.47, and 2.61 percent
annually compared to their horizon strategies.

Notably, while the long-horizon strategies yield the best outcomes over their target horizons,
they appear deeply unattractive when evaluated over short periods. For example, the one-month
in-sample (out-of-sample) CER of the 120-period strategy is -1.52% (-15.28%) per year, despite its
120-month annualized CER of 13.09% (9.35%). These results challenge the conventional focus on
short-term metrics for evaluating portfolios of long-horizon investors.

These findings indicate that the optimal policies are horizon-specific. While each managed
strategy performs well relative to benchmarks, its effectiveness is closely tied to the horizon it
targets, which highlights fundamental differences between short- and long-horizon strategies. The
findings are robust under realistic short-sale and leverage constraints. The constrained portfolios
offer superior k-period CERs compared to the benchmark portfolios, and the strategies remain
horizon-specific, such that investors benefit from adopting their horizon strategies compared to those
optimized for alternative horizons. Lastly, the evidence is not specific to the choice of test assets.

My paper fits within the long-standing literature on multi-period portfolio choice (e.g., Samuel-
son, 1969; Barberis, 2000; Campbell and Viceira, 2002; Wachter, 2003). Cochrane (2014) argues
that examining final payoffs provides a clearer lens for understanding optimal portfolio decisions,
separating the economic question of which outcomes to target from the financial engineering problem
of how to achieve them in a market structure. In line with Cochrane (2014), my approach begins by
characterizing the outcomes and introduces a few payoffs that investors should follow during their
investment horizon. Ait-Sahalia and Brandt (2001) and Brandt and Santa-Clara (2006) emphasize
focusing on variables that predict optimal weights rather than those predicting return moments.
Their approaches yield solutions to the conditional portfolio problem that unconditionally allocate

across a set of mechanically managed portfolios. Similar to these papers, my solution takes the form



of allocating across a set of mechanically managed factor-tracking portfolios, where the variables
that predict optimal k-period weights are estimated directly from the observed k-period payoffs.

This paper speaks to the broad literature examining the relationship between portfolio outcomes
and investment horizon. Fama and French (2018) and Anarkulova, Cederburg, and O’Doherty (2022)
examine the probability of loss from investing in stocks across different horizons. Bessembinder,
Cooper, and Zhang (2023) show that mutual fund performance deteriorates over longer horizons.
Laarits (2023) finds that the risk-return tradeoff of market timing strategies is less favorable for
long-horizon investors. Extending this line of evidence, my paper shows that strategies designed
to maximize short-term gains fail to benefit long-horizon investors. For example, a one-month
strategy—despite strong monthly performance—underperforms an equally weighted benchmark
over horizons longer than five years. Campbell and Vuolteenaho (2004) and Campbell, Giglio, Polk,
and Turley (2018) model the riskiness of equity portfolios for long-term investors, showing that the
short legs of anomaly portfolios provide valuable hedging against the deterioration of investment
opportunities over the long run. Consistent with these insights, the optimal portfolios in this paper
increasingly reallocate toward short-leg anomalies over longer horizons, suggesting that my approach
captures their long-run hedging value without explicitly modeling return dynamics.

This paper also contributes to the literature on horizon-specific risks and returns. Kamara,
Korajczyk, Lou, and Sadka (2016) show that equity factor risks are priced differently across
investment horizons. Bandi, Chaudhuri, Lo, and Tamoni (2021) find that different frequency
components of market risk carry distinct pricing implications in the cross-section of returns. Neuhierl
and Varneskov (2021) show that horizon-specific risks in the stochastic discount factor (SDF) operate
only through the state vector and its dynamics. Bandi, Perron, Tamoni, and Tebaldi (2019) document
the effectiveness of past multi-period market risk in predicting future multi-period market premia of
the same length. The findings in this paper confirm the existence of horizon-specific patterns in

payoffs and leverage these patterns to construct portfolio strategies with target investment horizons.



2 Methodology

This section explains my approach to multi-period portfolio choice. Section 2.1 states the traditional
multi-period portfolio choice problem. Section 2.2 discusses the characterization of k-period buy-
and-hold payoffs from the large cross-section of k-period asset returns. Section 2.3 introduces
the portfolio decisions (i.e., monthly rebalancing rules) which seek to achieve the characterized
payoffs. Section 2.4 discusses the empirical details for constructing the strategies and introduces the

in-sample and out-of-sample designs.

2.1 Multi-period Portfolio Problem

Consider the portfolio choice problem of a power utility investor at time ¢ who has a k-period
horizon and aims to maximize the expected utility of terminal wealth (W;, ) by allocating funds
across a large number of risky assets, N, and a risk-free asset at each rebalancing date, t + s, for
s=0,1,...,k—1. Assets have single-period excess returns, Rteil, from date ¢ to £ +1, Rf,; denotes

the N x 1 vector of excess returns, and R{ 41 1s the single-period risk-free rate. The investor’s

problem is
max B [U(Wp)] = max B (Wt+’“)1_7] , (1)
{weera} o {weeniy L 177
subject to
Witst1=Wis 1+ R 4), fors=0,1,....k—1,
where

g — €,p f —_ / e f
Riigin =Rl + Ry = Wi Rig o + R oy

and + is the coefficient of relative risk aversion. This formulation assumes investors can freely lend
and borrow at the risk-free rate in each period. The weight on the risk-free asset is implicitly given
by 1 — wmes% where ¢ is an N x 1 vector of ones.

The traditional solution to multi-period portfolio problems relies on the Bellman equation,



expressing each investment decision as a single-period optimization with state-dependent utility that
captures the value of future investment opportunities. While theoretically sound, this procedure re-
quires detailed modeling of state dynamics and conditional moments, which can become prohibitively
complex in the presence of many assets or weak predictability.” Even in the simplest cases with few
risky assets, the economic gains from implementing optimal dynamic strategies are often minimal
(e.g., Brandt, 2010), while the estimation burden grows exponentially with the number of assets and
state variables. More, any imprecision from modeling conditional distributions accumulates through
the recursive nature of the solution. Given these implementation challenges and modest benefits,
practitioners typically resort to myopic portfolio strategies rather than attempting to implement
theoretically optimal dynamic policies (e.g., Brandt, 2010; Cochrane, 2022).

An alternative perspective is offered by Cochrane (2014), who argues that multi-period portfolio
choice should begin with the final payoffs investors ultimately care about. By separating the
economic question of which payoffs to target from the portfolio decisions that deliver those payoffs,
this view shifts attention away from modeling conditional return dynamics and toward the portfolio
outcomes. My approach builds directly on this insight: I first define the optimal payoffs at a given
horizon—that is, what combinations of assets provide optimal investment payoffs at the desired

horizon—and then develop portfolio strategies to achieve those payoffs.

2.2 Characterizing k-period Payoffs

Compounded returns contain information about optimal portfolio allocations that are not evident
in the distribution of monthly asset returns. When returns are not independent and identically
distributed (i.i.d.), k-month return moments, covariances, and other joint relations (i.e., investment
opportunities) differ from those of the monthly returns. For example, an asset with high short-run

volatility may be more attractive over longer horizons if its returns mean-revert, lowering long-run

"The underlying predictability in single-period returns can be unstable across time periods (e.g., Welch and
Goyal, 2008) or the risk premia of predictors may switch signs (e.g., Barroso, Boons, and Karehnke, 2021), further
complicating the estimation of investment opportunities purely based on predictability in single-period asset returns.



variance relative to monthly measures (e.g., Poterba and Summers, 1988). In addition, two assets
that appear weakly correlated in monthly data may exhibit strong co-movements when compounded
over several years, making them less useful for diversification at long horizons (e.g., Anarkulova,
Cederburg, and O’Doherty, 2023). To preserve the important information in the joint distribution of
compounded asset returns over the investment horizon, I characterize optimal buy-and-hold payoffs
from the large cross-section of k-month asset returns. Over a k-month horizon, the buy-and-hold
investment payoff is

_ ; f
L+ R}, =1+ Ry7, + R,

(2)
=14+ wiR{,p + Rif,t+kv

€7p

D
where R it

t t4% 18 the k-period portfolio return, R

i is the k-period portfolio excess return, and
R{’ ¢+1 18 the compounded k-period risk-free return. The k-period excess return on the portfolio is
R;’f k= vNV;ch’t 4> Where wy is the NV x 1 vector of portfolio weights and Riiipis the NV x 1 vector
of compounded excess returns.

Given the dimensionality of the asset space, it is essential to work with a much smaller set of
portfolios that span the relevant investment opportunities in the large asset universe. Past evidence
document the presence of horizon-specific patterns in the cross-section of returns, which suggest that
short- and long-horizon returns have distinct sources of systematic variation (e.g., Bandi, Chaudhuri,
Lo, and Tamoni, 2021; Kamara, Korajczyk, Lou, and Sadka, 2016; Neuhier] and Varneskov, 2021).
To estimate a forward-looking and tractable representation of final payoffs from the observed returns
of the high-dimensional asset space, I extract the systematic components of k-month excess returns.

I assume k-period excess returns admit an approximate factor structure in the sense of Cham-

berlain and Rothschild (1983),

Riiik = BeFrirk + €k, (3)

where By, is an NV x J matrix of factor loadings, Fy ;4 is the J-dimensional matrix of orthogonal

systematic factors, and J is the number of pervasive factors and is assumed to be known. Assuming

10



that factors and residuals are uncorrelated, we can write the covariance matrix of returns as
Y = ByAyB + Vi, (4)

where Ay is a J x J diagonal matrix of factor variances and Vy, is an N x N matrix of idiosyncratic
variances.®
The factor structure assumption enables me to estimate the systematic component (BzA;B)})
through principal component analysis of the covariance matrix of k-period returns. The loadings
(Bj) are estimated using the eigenvectors corresponding to the J largest eigenvalues, and the
e

systematic factors are constructed as Fy;yp = (B%Bk)_1 B btk Following standard convention,

I normalize the eigenvectors such that B} Bj = I;, which simplifies the factor estimation to

Fiin = B btk (5)
——
Jx1 JXN Nx1
and as a result, assets’ exposures are equivalent to their contributions to the systematic factors.
Under factor structure assumptions, the factors span the space of k-period expected excess returns

such that

E[R 11l = Brppy,

where ppy, = E[Fyqp] € RY is the J x 1 vector of risk premia of the target horizon factors.

Remark 1: Let W), € RY be an arbitrary N x 1 vector of portfolio weights such that the

e7p
i+

e

t 1+ For any such

portfolio’s k-period buy-and-hold excess returns are given by R, = W, R
portfolio, there exists a factor-only portfolio—with weights of the form w; = B0 for some
0, € R’/—that achieves the same k-period buy-and-hold expected return with lower k-period

variance.

8Mathematically, an approximate factor structure implies that a finite number of factors (J) explains an increasing
fraction of return variation as the number of assets grows, while the eigenvalues of Vi remain bounded. As a result, a
diversified portfolio only contains factor variance, and the idiosyncratic risks are non-pervasive, disappearing from a
well-diversified portfolio.

11



Proof: We can decompose any arbitrary portfolio weights wj, € RY into a part that lies in the

column subspace of By and an orthogonal component,

wr.= B, 0, + u
k k U T )
NxJ Jx1 Nx1

where Bju = 0. The portfolio’s expected return can then be written as

E [Rfjthrk} = Wik [Rf,tJrk] = (Bybx +u)'E [Rf,tJrk]
= (BiOx + 1) Brpupy,
=60, B;Brpp) + u'Brpgp,

/
= ekHF,k;,

since u'B;, = (Bju)' = 014, and B; By, =1.

Following a similar approach, the variance of the arbitrary portfolio is
Var (Rif—&-k) = 0,/I§Ak9k + u’Vku.

Since V, is positive semi-definite, u'V,u > 0, so the variance of the arbitrary portfolio is at least
as large as that of the factor-only portfolio, 8} A;0). Appendix A provides the full derivation of the
portfolio variance. |

Remark 1 shows that portfolio weights orthogonal to the factor loadings (u € col (Bk)l) increase
k-period variance without contributing to expected returns. I therefore focus on the portfolio weights

that lie in the column subspace of By,

Wi — Bk Ok . (6)
N
Nx1 NxJ Jx1
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The k-period buy-and-hold excess returns of such portfolios are

RP _ Rf

— €,p / e
tt+k titk R Wth,t-i—k

tt+k (7)
= 0. BLRY 1k = 01 F ik,

and represent investing in J systematic factors of k-period returns for some J x 1 parameter 6y

that determines the allocation across the systematic factors.

Note that if asset returns do not exhibit extreme higher moments (e.g., buy-and-hold returns are
jointly normally distributed), a factor-only portfolio is the optimal buy-and-hold k-period portfolio
for any investor with concave utility over k-period wealth, and the N-dimensional asset-by-asset
optimal weights converge to w, = B0 for some utility-maximizing J-dimensional 0. In the
presence of extreme higher moments, some portfolios with lower expected returns or higher variance
may still be more desirable than the factor-only portfolio due to favorable distributional features. A
cost associated with representing investment opportunities through the horizon-specific factors is
that it does not explicitly capture higher-order moments such as skewness or kurtosis at the asset
level. These moments are instead captured at the factor level and through the optimal combination
of factors (0y), which accounts for the entire distribution of k-period factor returns. To the extent
that the higher moments of the portfolios are captured by the factor portfolios, the information loss
from accounting for these moments at the factor level is minimal, and the optimal asset-by-asset
N-dimensional weights converge to wi = B0}, for some utility-maximizing 6, € R”.

How does this payoff characterization advance the high-dimensional multi-period investor’s
problem? Note that the optimal policy (Eq. 6) is linear in the loadings (weights) on k-month
factors, Bi. Two assets with the same factor loadings would be weighted equally in the portfolio,
which implies that loadings on the target horizon factors summarize the sufficient asset-specific
information for forming these optimal portfolios. Consequently, Eq. 7 states that the optimal risky
payoff is the result of investing in J (J < N) systematic factors of k-month returns. Thus, this

characterization provides measurable and tractable benchmarks for investors to follow during their
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holding periods.

2.3 Monthly Managed Strategies with Target Horizon

Section 2.2 characterizes optimal risky payoffs across a large number of assets through a small
number of systematic factors of compounded asset returns over investors’ target horizons. This
section constructs trading strategies that seek to achieve these horizon-specific systematic payoffs
over the investment horizon. Targeting these payoffs results in a sequence of monthly rebalancing
rules, which serves as a tractable alternative to the multi-period solution from complex dynamic
optimization with many assets.

The underlying assumptions in Section 2.2 implies that the loadings on the k-month systematic
factors (By) capture sufficient asset-specific information for achieving the horizon-specific payoffs.
Let 7 denote the calendar month at which portfolio decisions take place. For a k-period investor,
the sequence of portfolio decisions occur over 7 =t + s for s = 0,1,...,k — 1. Let B;“ be the
N x J matrix of asset loadings on k-period systematic factors, estimated using PCA on the available
k-period returns up to month 7. In order to achieve the optimal k-period payoffs, I model the

monthly portfolio weights as a linear function of the asset loadings on the k-period factors,

vAvk,T = B;W 0. , (8)
N——— \,./\/
Nx1 NxJ Jx1

where 0}, is a J x 1 vector of coeflicients that needs to be estimated.
Eq. 8 represents a monthly managed strategy that follows the characterized optimal payoffs. To

see this, let

Fk,T-}—l = B%‘,T f’—l—l (9)

denote monthly payoffs to factor-tracking portfolios of k-period returns. The systematic factors of
k-period returns (Eq. 5) span the investment horizon’s payoff space and summarize the risks that

affect the k-period outcomes. The tracking portfolios (Eq. 9) are monthly traded payoffs that proxy

14



for k-period investment opportunities, and their k-period returns approximate those of the target
horizon factors. The subscript 7 on Bkﬁ implies that that loadings are re-estimated each month
with the updated return data. Additionally, asset weights naturally deviate from the target horizon
exposures as they evolve with realized returns over each period; monthly rebalancing ensures that
factor-tracking portfolios maintain the estimated k-period exposures. The portfolio policy (Eq. 8)
implies that a k-period investor buys a managed portfolio whose monthly excess returns are

D f _ p&P o e
Rifiopn —Riporn = RV = Wi RiG o (10)

= 0;6 ;c,t+sR§+s+1 = G;ng,t+s+17
for s = 0,1,...,k — 1. Hence, the portfolio of k-period investors combines the horizon-specific
factor-tracking portfolios using a vector ), € R’ that maximizes expected utility over k-period
wealth.”

The k-period wealth from holding factor-tracking portfolios is given by

k-1
Wik = H (1 + Wh R + Rg+s+1>
s=0
S ay
= H (1 + 0. Friysi1 + R{—i-s—i-l) ;
s=0

where the initial wealth for investors with the power utility is set to one (Wi = 1 for s = 0) without
loss of generality. The J x 1 parameter 8, determines the optimal share of each factor-tracking
portfolio in the optimal portfolio. The parametrization assumes that 0y is constant over time; that
is, the optimal k-period combination of factor-tracking portfolios at a given date are the same for all
dates. A constant @ over time enables us to estimate the optimal share of factor-tracking portfolios

from asset returns, without specifying their conditional return dynamics.

9Alternatively, we can examine a buy-and-hold portfolio problem, where investors choose the weights at the
start of the period and do not rebalance over the entire k periods. In this case, the estimated exposures and the
share of each factor in the portfolio drift freely with realized returns during the periods. Appendix C discusses this
buy-and-hold design and documents the economic loss that long-horizon investors may experience compared to the
monthly managed case.
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Plugging the portfolio policy (Eq. 8) into the conditional utility maximization over N assets

(Eq. 1) represents a static choice over J (J < N) factor-tracking portfolios,

max E[U(Wyi)] = max E
k

k—1
U (H (1 + VAV;wf—i-sI{?—i-s—I—1 + R{—Fs—&-l))]

0
s=0
o= (12)
_ = f
= r%zzx E|U (81;[0 (1 + 0. Fr o1 + Rt+s+1)>] .

By conditioning down the maximization problem, we can solve for the optimal 8; by maximizing

the corresponding sample analogue over the entire sample period,

M—1 M—1 1—
I 1A (W)
= N UMW) =max — Y bkl
T M tz:; (Wig) = max 7 tz:; 1—~
L M1y <k1 ) 1=y (13)
= max —: Z Pa— H (1 + 02Fk7t+5+1 + Rf+s+l>> y
0 M t=0 1—=x 5=0

where M is the number of k-period observations in the sample. For example, using overlapping
k-period returns from 7" monthly observations results in M =T — k + 1 k-period observations.

My approach to the multi-period problem has many conceptual advantages. First, it sidesteps
the formidable task of modeling the conditional joint evolution of return distributions across many
assets. Instead, I utilize the compounded asset returns which implicitly reflect the effects of various
conditioning information only seen by market participants, and maintain the time-series and cross-
sectional relationships over the holding periods. Second, by representing optimal payoffs through
horizon-specific systematic factors, I link the differences in optimal portfolios across horizons to the
horizon-dependent nature of risk and return.

Third, the multi-period optimization with a large number of assets remains computationally
simple and numerically robust. The dimensionality of the optimization problem is fixed by the
number of systematic factors (J), which is typically small and does not grow with the asset space.
As a result, the estimation of 6 involves a low-dimensional nonlinear optimization problem that is

stable and efficient to solve. Furthermore, optimizing the multi-period strategies with many assets
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over low-dimensional parameters 0j, reduces the risk of in-sample overfitting.

2.4 Constructing Managed Strategies

This section explains the construction of managed strategies from the overlapping k-period
buy-and-hold returns. I first discuss the construction of monthly factor-tracking portfolios for
specific investment horizons. Next, I explain the optimal k-period combination of the horizon-
specific tracking portfolios and introduce the in-sample and out-of-sample portfolio designs. Lastly,

I introduce portfolio weight constraints.

2.4.1 Factor-tracking Portfolios

For each asset, the k-period overlapping excess returns are constructed as

671' J— 'Z» f
Rt,t+kz - Rt7t+k: - Rt,t+kv

where Rin = "+ Ri .. 1) — 1 is the k-period buy-and-hold asset return and R{,t—l—k =
Hf;é(l + R{+S+1) — 1 is the k-period risk-free rate. Let ¢t = 1,...,T denote the total sample of
monthly returns, and let M =T —k+1 so that ¢t = 1,..., M represents the total sample of k-period
overlapping returns. For each horizon k, I use the first 60 k-period excess returns as the initial
training window.!® I apply principal component analysis (PCA) on the covariance matrix of these
returns to estimate the first set of loadings (ka). I expand the training window each month, and
estimate Ek,t to obtain the time series of horizon-specific loadings.

In all analyses, I normalize the eigenvectors so that the premia of the k-period factors are

positive, which prevents sign changes in the eigenvectors across different PCA runs.!! Additionally,

0For example, when k = 36, the initial k-period window corresponds to monthly returns from ¢t =1,. .., (36 — 1) +
60 = 95.

"PCA does not uniquely determine the sign of eigenvectors—a PCA on the same covariance matrix may yield
either B or —Bj . In each estimation, I project the observed k-period returns onto the eigenvectors and choose the
sign so that the mean of Fj; & = B} R{_, ; is positive. This is equivalent to assuming positive premia for factors
capturing common variations in average returns. A similar sign normalization is used by Kelly, Pruitt, and Su (2019)
and Lettau and Pelger (2020), among others.

17



I normalize the eigenvectors for each horizon so that the weights on the first principal component
sum to one.'? I then form the time series of monthly factor-tracking portfolios as Fk7t+1 = ]A3§f7tRf 1
This procedure ensures that the loadings at each point in time are estimated solely from historical
data. Since the k-period observations begin k£ — 1 months after the start of the monthly returns
and I utilize the initial 60 k-period observations for estimation of loadings, the sample of monthly
factor-tracking portfolios for each investment horizon k begins k£ + 59 months after the start of

sample period (month ¢ = k + 60).

2.4.2 Estimating 6;: In-Sample and Out-of-Sample Portfolios

The monthly portfolio of a k-period investor combines J factor-tracking portfolios through a
J x 1 parameter ), € R’ that maximizes utility over k-period wealth and determines the share
of each tracking portfolio in the optimal portfolio. For the in-sample portfolios, I estimate the 0y
coefficients that maximize average utility of k-period wealth using the entire sample of k-period
wealth (Eq. 13). Thus, the in-sample estimates presume investors know the entire sample of k-period
returns for factor-tracking portfolios. However, estimating 0y using the full sample of returns relies
on information that is not available to investors at the time of portfolio formation. To ensure the
applicability of the horizon-specific portfolios to real-time investors, in the out-of-sample results 1
estimate the series of ék that maximize the k-period average utility only using the historical data
available at the time of portfolio formation.

I estimate the out-of-sample 0y using an expanding window with the initial training window of
60 k-period wealth observations, making the out-of-sample period starts from k£ 4+ 59 months after

the start of the in-sample period and 2k + 118 months after the start of the sample period.'® At

12Note that there is no inherent economic relationship between the sum of the eigenvectors of the first principal
component and the investment horizon; empirically, this sum is approximately ~ /N for all horizons. Thus, this
normalization is without loss of generality.

13The in-sample period covers the full sample of monthly factor-tracking portfolios, which begins k + 59 months
after the start of the sample of monthly asset returns. Since each k-period wealth observation is a compounded return
over k months (i.e., k-period factor-tracking portfolio and risk-free rate), constructing 60 such observations requires
an additional k£ — 1 + 60 = k + 59 months. As a result, the out-of-sample period begins k + 59 months after the start
of the in-sample period, and 2k + 118 months after the start of the sample of monthly asset returns. For example, for
k =1, the in-sample (out-of-sample) period begins 60 months (120 months) after the start of the sample period.

18



month ¢, the real-time 0 is

0, = arg max

< 1 > & (W)

S (14)
) =k (k-1 1=
_ I T f
= argmax <tk:+1 > 27— (1;[0 (14 O rriei + Rmﬂ)) '

In both in-sample and out-of-sample estimates, I solve for éjﬁk € [0,1] so that the contribution
of each tracking portfolio to the overall portfolio lies between zero and one for j € {1,...,J}.
Past studies suggest that such portfolio constraints can be viewed as shrinkage estimators and
improve the finite-sample properties of the estimates (e.g., Jagannathan and Ma, 2003). Additionally,
since the systematic factors of k-period returns have positive k-period premia, limiting éj,k € [0,1]
prevents short positions in factor-tracking portfolios while ensuring no extreme allocations. Using
the estimated 9k, I construct the time series of monthly portfolio weights, Wy ; = Bk,tékv and

monthly portfolio returns, Ry, = w; Ry, + R{_H.

2.4.3 Portfolio Weight Constraints

In the base case analyses, I do not impose any constraints on the underlying portfolio weights
(W; k), and the only restriction applies to the J x 1 parameter @, in the expected utility maximization
stage. Thus, the base case allows for portfolio characteristics like short-selling and leverage, and
helps reveal how unconstrained optimal portfolio compositions vary across investment horizons
under my approach.

Beyond the unconstrained base case, I also consider a specification that imposes leverage and
short-sale constraints. Short-sale constraints are common in portfolio management, particularly
among institutional investors who often face regulatory and practical restrictions, especially over
longer investment horizons. Additionally, many investors face leverage constraints that limit their
total risky positions. It is therefore important to examine how the managed strategies perform

under these realistic constraints, as they reflect the practical investment conditions faced by many
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long-horizon investors. I impose a non-negative weight restriction by setting any negative elements
of the factor loadings (Bkt) to zero.' Intuitively, this constraint implies that while investors buy
assets with positive horizon-specific factor loadings—signaling higher expected returns at their
target horizon—they refrain from shorting assets with negative loadings, assigning them zero weights
instead.'® Using these non-negative loadings, I construct factor-tracking portfolios and estimate
0y using the procedure described in Section 2.4.2 for éjyk € [0,1]. To impose a leverage constraint,
I estimate the time series of optimal weights (Wy; = Bk,ték), and scale the weights to satisfy

SOV [t 4| < ¢, where ¢ refers to the desired leverage.

3 Data and Evaluation

The empirical analysis uses the extreme decile portfolios from characteristic-sorted anomalies
documented in the Chen and Zimmermann (2022) dataset. Specifically, I use portfolios constructed
from continuous predictors in the October 2024 release, requiring non-missing returns over the
period from July 1963 to December 2023. This filtering yields 230 portfolios representing the top
and bottom deciles of 115 distinct anomalies.'® The market excess returns and risk-free rates are
from Kenneth French’s website.!”

The procedure discussed in Section 2.4 provides monthly rebalancing portfolio rules that are
designed for specific investment horizons. I evaluate the performance of the portfolio rules using the
k-period certainty-equivalent returns (CER) of the optimal portfolio policy under wy,

- &

CERy(wy) = |(1—E |U [ [] (1 + W R + RLSH) _1 (15)
s=0

HMSimilar to the unconstrained case, I rescale all eigenvectors so that the weights on the first PC sum to one.

15Recall that the factor-tracking portfolios represent the target horizon investment opportunities in the space of
monthly returns. As a result, the natural way to remove short-selling from investment opportunity set is through
constructing long-only factor-tracking portfolios.

16For robustness, I also report the main empirical findings using a broader sample from the Chen and Zimmermann
(2022) dataset, consisting of 510 quintile portfolios corresponding to 102 anomalies with non-missing returns on all
quintiles during the sample period.

17T thank Kenneth French, Andrew Y. Chen, and Tom Zimmermann for making their data available. Kenneth
French’s data are accessible at mba.tuck.dartmouth.edu/pages/faculty/ken.french and Chen and Zimmermann’s data
are accessible at openassetpricing.com.
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Investors have power utility over k-period wealth with coefficient of relative risk aversion (v) of five.

I measure the effectiveness of the portfolio policies in two ways. First, I compare the in-sample
and out-of-sample k-period performance of the optimal policies with benchmark strategies. Second, I
examine how well each horizon strategy serves investors with different investment horizons. For each
investment horizon k, I calculate certainty-equivalent returns (CERs) under all horizon strategies.
The difference in CERs shows the economic value of matching the portfolio rule to the actual
investment horizon rather than using rules optimized for other horizons.

I use three respective benchmarks to compare with the optimal policies. The first benchmark is
an equally weighted (EW) portfolio, which invests a naive % weight in each risky asset each month.

The k-period wealth under this strategy is given by
E—1 1
Wiy = H (1 + N1§VR§+3+1 + R{+s+1) : (16)
s=0

Since the underlying assets in this paper are extreme deciles of anomaly portfolios, the equally
weighted benchmark sets a relatively low bar for evaluating performance, as it requires long positions
in the short legs of anomalies, which have performed poorly over the sample period. I compare the
results with a stronger benchmark that invests equally in the anomaly strategies (i.e., long-minus-
short decile of each anomaly portfolio). The k-period wealth under this long-short (LS) benchmark
is

k—1 9

Wk = H <1 + NIIN(RetL—l—s—i-l — R, 1)+ R{+s+1> : (17)

5=0
Lastly, the third benchmark invests in the market portfolio each month for k periods. The k-period
wealth from this benchmark is Wt]‘fl]jt = H];;é (1 + Ri\_{]gil + R{ +s +1>, where RMF* is monthly
excess returns of the market portfolio. Unlike the first two benchmarks, the market portfolio is

an external benchmark not constructed from the underlying test assets. Including this benchmark

helps assess the economic magnitude of the k-period CERs by comparing them to the CERs of a
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widely recognized and investable alternative.'®

4 Results

4.1 Managed Strategies vs Benchmarks

This section evaluates the multi-period performance of the horizon-specific managed portfolios
relative to benchmark portfolios. Section 4.1.1 compares k-period certainty-equivalent returns
(CERs) to assess whether the managed strategies deliver superior long-run utility. Section 4.1.2
examines the underlying return distributions—including risk, return, and higher-order moments—to

identify the payoff characteristics that support this performance advantage.

4.1.1 k-period Certainty-equivalent Returns

Table 1 reports the k-period certainty-equivalent returns (CERs) for horizon-specific managed
strategies alongside three benchmarks. For ease of interpretability, the k-period CERs are annualized
by estimating the annual compound rate, (1+CERy,)'2/%—1. The first four columns report annualized
k-period CERs for the horizon-specific strategies under four different J values. The choice of J
indicates the assumption on the dimensionality of k-period buy-and-hold returns, and corresponds
to the number of factor-tracking portfolios in the optimal portfolio. For each horizon k, the target
horizon loadings (Bkt) are estimated from historical k-period buy-and-hold returns up to month ¢,
following the process described in Section 2.4.1. Panel A documents the in-sample CERs where the
optimal k-period combination of factor-tracking portfolios (ék) are estimated from the entire sample
of factor-tracking portfolios as per Eq. 13. Panel B summarizes the out-of-sample CERs where the
0 coefficients are estimated using the historical returns of factor-tracking portfolios available at the
time of portfolio formation (Eq. 14). The sample period spans from July 1963 to December 2023.
Due to data requirements for estimating initial Bk,t ((%), the effective in-sample (out-of-sample)

window for each horizon starts k + 59 (2k + 118) months after the start of the sample.

8The market portfolio is the Center for Research in Securities Prices (CRSP) value-weighted index.
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The last three columns document the k-period CERs of the benchmark strategies. The k-period
CERs of the benchmark strategies showcase the effect of investment horizon on the attractiveness of
portfolio decisions. The EW benchmark performs poorly over short-run, often showing negative
or near zero CERs for horizons less than two years. In contrast, the k-period CERs of the LS
portfolio indicate a stellar short-run performance for this benchmark. At the monthly interval, the
EW benchmark has annualized CER of -0.76% (0.94%) over the in-sample (out-of-sample) period
while the LS benchmark shows annualized CER of 11.58% (11.37%). Over longer horizons, the
CERs of the EW portfolio surpass those of the LS portfolio. The annualized 120-period CERs of the
EW and LS benchmarks over the in-sample (out-of-sample) period are 8.25% (7.23%) and 6.70%
(5.31%), respectively. Unlike the EW and LS benchmarks, the market portfolio (‘Mkt’) does not
systematically benefit short- or long-horizon investors. Over the in-sample period, the one-month
CER of market portfolio is 4.46% and its 120-month CER is 5.79%, while over the out-of-sample
period its one- and 120-month CERs are 5.19% and 4.42%, respectively.

Panel A of Table 1 reports the in-sample CERs for horizon-specific strategies compared to
the benchmarks. The first column (J = 1) represents a simple case which assumes one latent
systematic factor drives common variation in k-period returns. Despite this strategy’s simplicity, it
outperforms all benchmark strategies over the long-run. The 96-period (120-period) CER of the
horizon-specific strategy with J =1 is 9.49% (10.16%) per year, which is 1.17 (1.23) times that of
the EW benchmark and 1.32 (1.52) times that of the LS benchmark. The in-sample CER of the
96-period (120-period) strategy is 11.92% (13.09%) with J = 6 and reaches 13.92% (17.27%) when
12 factor-tracking portfolios are included.

The outperformance of horizon-specific strategies relative to benchmarks extends to all horizons.
With only six factor-tracking portfolios (J = 6), the 60-period strategy has an in-sample CER of
12.53% per year, surpassing that of the EW benchmark (6.43%) by a factor of 1.95 and the LS
benchmark (8.43%) by a factor of 1.49. The LS benchmark is by far the best performing benchmark

strategy over the short-run, with annualized CER of 11.58% over one month, and 11.32% and
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11.00% over six and 12 months, respectively. Nevertheless, horizon-specific strategies with six or
more factor-tracking portfolios (J > 6) generate higher CERs than the LS portfolio. For example,
with J = 9, the in-sample CERs of one-, six-, and 12-month strategies are 13.78%, 13.31%, and
12.54%, respectively.

The results in Panel A of Table 1 documents strong in-sample CERs for managed strategies
compared to benchmarks, showcasing the ability of horizon-specific portfolios in preserving the
underlying structure of multi-period returns. One main advantage of my approach is that the
multi-period portfolios with a large number of assets are optimized over low-dimensional sets of
parameters. Specifically, the loadings (Bkt) used to form monthly tracking portfolios depend
solely on information available at portfolio formation, with look-ahead estimations restricted to
the J-dimensional (J < N) coefficient vector 8. Thus, the in-sample CERs—though not fully
implementable in real-time—are less likely to be driven by overfitting.

To ensure that the horizon-specific strategies are implementable in real time, Panel B of Table 1
documents the CERs where 6, is estimated using the historical returns available in real time. The
results document the applicability of the managed strategies to real time investors. Over shorter
horizons, the strategies with larger number of factor-tracking portfolios consistently outperform
all benchmark strategies. In cases with 12 factor-tracking portfolios (J = 12), the out-of-sample
annualized CERs of one-, six-, and 12-month strategies are 14.82%, 14.14%, and 12.44%, respectively—
exceeding those of the LS benchmark by factors of 1.30, 1.29, and 1.17 over the corresponding
horizons.

The superior performance of the horizon-specific strategies compared to the benchmarks is more
prominent over longer investment horizons. Assuming six pervasive factors for the cross-section
of k-period returns (J = 6), the real-time horizon-specific portfolios achieve CERs of 9.81% and
9.35% per year for 96- and 120-month investors, respectively. Over 96 and 120 months, the EW
benchmark delivers CERs of 7.41% and 7.23%, and the LS benchmark delivers 5.96% and 5.31%,

respectively. Overall, the horizon-specific strategies consistently generate higher k-period CERs
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than those of the benchmark strategies across all horizons, underscoring the practicality of these
managed strategies for real-time multi-period investors.

Figure 1 complements the results in Table 1 by plotting the annualized k-period CERs under
various choices of J, ranging from one to 12. Each plot represents the annualized k-period CERs
for the horizons shown in Table 1. Panel A plots the in-sample CERs and Panel B plots the
out-of-sample CERs. The horizontal lines denote the CERs of benchmark strategies. The number
of factor-tracking portfolios (J) reflects the number of pervasive factors in cross-section of k-period
return. The number of systematic factors may vary across horizons, as the structure of asset
comovements changes with the investment horizon.

As shown in Panel A of Figure 1, the in-sample CER of horizon-specific strategies naturally
increases upon inclusion of additional factor-tracking portfolios, as the optimal portfolios maximize
the k-period CERs using the entire sample of k-period tracking portfolios. However, the marginal
gains from adding tracking portfolios are more pronounced at shorter horizons. For example, the
in-sample CER of a 6-month strategy increases from 5.24% with one factor to 15.06% with 12 factors,
representing a 187.4% improvement, while the 96-month strategy increases from 9.49% to 13.92%,
representing a CER improvement of 46.7%. These patterns suggest that the underlying factor
structure of long-horizon returns may be relatively sparse. Economically, this may reflect the fact
that many sources of short-term risk—such as high-frequency noise or transitory components—tend
to average out over time, leaving fewer sources of systematic variation at longer horizons (e.g.,
Bandi, Perron, Tamoni, and Tebaldi, 2019; Huang, 2023).

Panel B of Figure 1 further illustrates this point by plotting the out-of-sample CERs across
different values of J. Over shorter horizons, the out-of-sample CERs consistently increase with J,
with the one-, six-, and 12-month strategies each attaining their peak CERs at J = 12, indicating
that more complex factor structures are beneficial when targeting short-horizon payoffs. In contrast,
over longer horizons, the highest CERs are achieved with fewer factors. The 96-month strategy

reaches its maximum out-of-sample CER, of 9.89% with only four factors, and the 120-month strategy
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peaks at 12.90% with ten factors. Importantly, more parsimonious specifications deliver competitive
performance even when they do not maximize CERs. For instance, the 60- and 120-month strategies
achieve out-of-sample CERs of 8.71% and 9.35% with J = 6, closely matching the respective peaks.

These observations highlight the tradeoff between model complexity and out-of-sample applica-
bility. While increasing J expands the space of target horizon outcomes, it also raises the risk of
estimation error and poor out-of-sample performance—particularly at longer horizons where fewer
distinct priced components may be relevant. To balance this tradeoff while avoiding the need to
assign a different number of factors to each horizon, I adopt J = 6 as the baseline specification
across all horizons in the subsequent analyses. This choice is supported by the pseudo out-of-sample
exercise for determining the number of systematic factors (see Appendix B), which identifies J = 6
as the most frequently selected value across investment horizons. For robustness, I also report the

key results under alternative values of J.

4.1.2 Properties of k-period Payoffs

This section examines the k-period return properties of the managed strategies and benchmark
portfolios across investment horizons to clarify the sources of the managed strategies’ superior
performance.

Figure 2 displays annualized certainty-equivalent returns (Panel A) alongside five key statistics
of k-period returns for the in-sample managed strategies and benchmarks for horizons spanning
from one month to ten years. The statistics are annualized mean returns (Panel B), annualized
standard deviations (Panel C), k-month variance ratios (Panel D), skewness (Panel E), and kurtosis
(Panel F).' Variance ratio measures the per-period risk of each portfolio strategy and is estimated

as

_ Var (Tt t+k)

k) =
VR(k) kVar (ri41)’

(18)

19Except for variance ratios, all statistics are for k-period physical returns, H’;;é (1 + RS+ R{JFS“) - 1.

Standard deviations are annualized by multiplying the k-period values by 1/12/k. Mean returns are annualized by
estimating the annual compound rates.
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where r; ;1 and ry41 represent the k-period and one-period log portfolio returns, respectively. The
horizon-specific portfolios are constructed using six factor-tracking portfolios (J = 6).

Panels B-D of Figure 2 summarize the mean-variance properties of horizon-specific portfolios
and the benchmark portfolios. At shorter horizons, the EW benchmark exhibits relatively high
volatility, while the LS benchmark is notably less volatile and the managed strategies lie in between;
for example, at the one-month horizon, the annualized standard deviations are 21.5% for EW,
3.6% for LS, and 8.4% for the managed strategies. The managed strategies consistently deliver the
highest mean returns at short horizons, with an annualized mean of 13.5% at the one-month horizon,
compared to 12.2% for EW and 12.0% for LS. Both LS and horizon-specific strategies deliver high
short-run CERs. As horizon increases, the per-period risk of the LS portfolio rises notably: its
variance ratio reaches 12.5 at the 60-month horizon, compared to 1.02 for the managed strategies
and 0.57 for the EW benchmark. Over the long run, the gap widens further: at the 120-month
horizon, the variance ratio for LS approaches 20, while those of the managed strategies and EW
benchmark fall just below 0.2.

Despite this increasing risk, the k-period mean return of LS remains flat, while that of the
managed strategies continues to rise with horizon. Over a 60-month horizon, the mean return of the
horizon-specific portfolio is 18.7% per year, noticeably higher than that of the LS benchmark with
12.4%. The EW portfolio, though initially underperforming, benefits from diversification across
long and short legs of anomalies, and its CER eventually surpasses that of the LS benchmark
after approximately six years.?? Unlike the benchmarks, the horizon-specific strategies consistently
achieve high CERs across all horizons. This strong performance is supported by the favorable
risk-return tradeoffs shown in the Panels B-D. Although the annualized standard deviation naturally
rises with horizon length, the managed strategies also exhibit increasing mean returns, and this

higher volatility does not translate into disproportionately greater per-period risk, allowing them to

20The horizon-varying patterns in CERs for LS and EW portfolios are consistent with past studies suggesting that
short legs of anomaly portfolios provide valuable hedging against the deterioration of investment opportunities at
longer horizons (e.g., Campbell, Giglio, Polk, and Turley, 2018).
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sustain superior performance across horizons.?!

Panels E and F of Figure 2 complement the earlier analysis by highlighting higher-order features
of the return distributions that are particularly relevant for long-horizon investors with power utility.
Panel E plots the skewness of k-period returns. The horizon-specific portfolios exhibit moderate
positive skewness over longer horizons, indicating that extreme bad outcomes are less likely relative
to extreme good ones. Combined with high mean returns over the long run, this implies that most
losses are modest while the potential for large gains remains substantial—an appealing profile for
long-horizon investors seeking both upside potential and downside protection. In contrast, skewness
of the LS benchmark turns negative over longer horizons, implying that extreme losses become
more likely than extreme gains, which is unfavorable for long-run risk-averse investors. Combined
with the LS portfolio’s flat mean returns, a negative skewness suggests that large losses dominate
the distribution, while good outcomes lack the magnitude needed to meaningfully improve the
return profile. The EW benchmark also features positive skewness, slightly higher than that of
the managed strategies, reducing the likelihood of extreme losses. However, it lacks strong capital
appreciation, which limits the economic value of its favorable asymmetry.

Panel F plots the kurtosis of k-period returns. The horizon-specific portfolios maintain values
around three or slightly above, indicating a return distribution close to normal, with limited tail
risk. The combination of limited tail risk and positive skewness suggests that extreme outcomes are
more likely to reflect large gains than large losses. The EW portfolio displays stronger asymmetry
and tail risk than the horizon-specific strategies, which together with a relatively modest mean
returns limit its overall appeal. The LS benchmark, in contrast, displays thin tails with kurtosis well
below three at longer horizons. However, combined with negative skewness, a thin tail suggests that
the rare extreme events are more likely to be large losses. Overall, the horizon-specific portfolios

combine steady capital appreciation, decreasing per-period risk, positive skewness, and balanced

21The annualized variance of compounded returns tends to increase with horizon, as the variance grows more than
proportionally relative to the holding period due to the nonlinear effect of compounding. This pattern arises even
under i.7.d. returns and is further amplified by portfolio rebalancing. See, for example, Bessembinder (2021).
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tail risk—features that jointly support their superior long-run utility gains.??

Lastly, Figure 3 compares the empirical quintile-quintile distributions of in-sample k-period
payoffs for the horizon-specific portfolios and benchmark strategies. Panel A plots the empirical
quintile pairs of 60-month payoffs and Panel B plots those of 120-month payoffs. In each subplot,
the z-axis shows the sorted k-period payoffs of the horizon-specific portfolios and the y-axis shows
the sorted k-period payoffs of benchmarks. The leftmost (rightmost) point in each subplot shows
the worst (best) k-period payoffs from investing one dollar in each strategy pairs. Points falling
below the 45-degree line indicate that the managed strategy delivers higher k-period payoffs than
the benchmark at that part of the distribution.

As shown in Panel A of Figure 3, the 60-month payoffs of the horizon-specific portfolio exceed
those of the LS and EW benchmarks across nearly the entire distribution. Among the 548 payoff
observations, only the four worst payoffs slightly favor the LS benchmark, and only the top two
payoffs slightly favor the EW benchmark. Panel B of Figure 3 shows a similar pattern for 120-month
payoffs: the empirical payoff distribution from the horizon-specific strategy dominates those of both
the EW and LS benchmarks.?> These findings show that the payoff advantage of horizon-specific
strategies over the long-run holds across almost the entire distribution, not just in the average or tails,

reinforcing the consistency of the managed strategies’ outperformance relative to the benchmarks.

4.2 Horizon Matching: Benefits and Properties

The previous section documents the strong performance of managed strategies compared to
benchmarks across various investment horizons. This section examines whether these strategies are
horizon-specific—that is, whether each strategy is best suited for the investment horizon it targets.
I first evaluate the economic value of matching portfolio rules to investors’ horizons. I then explore

how portfolio compositions and return properties vary across different horizon strategies.

22The out-sample version of Figure 2 is shown in Figure Al. The k-period payoff properties of the out-of-sample
portfolios are qualitatively consistent with those observed in-sample.

23Figure A2 plots the empirical quintile-quintile distribution of 60- and 120-period payoffs for the out-of-sample
horizon-specific portfolios and benchmark strategies. Similar to the in-sample portfolios, the distribution of payoffs for
the out-of-sample portfolios continue to dominant those of the benchmarks.
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4.2.1 Economic Value of Targeting Investment Horizon

This section examines whether the managed strategies exhibit horizon-specific patterns and
quantifies the economic value of aligning portfolio policies with specific investment horizons. The
central question is whether portfolios designed for a specific investment horizon yield better outcomes
for investors with that horizon compared to investors with alternative horizons. For an investor with
a k-period investment horizon, I compute the k-period certainty-equivalent return (CER) under a

strategy that was optimized for horizon h,

k—1 =
U <H (1 + WhisRigss + Ric+s+1)>” -1, (19)

CERg(wp) = [(1 - 7)E
s=0

where Wy, ; = Bh,téh represents the portfolio weights at month ¢ from a strategy with a horizon of h.
This measure captures the economic value of horizon-h strategies from the perspective of a k-period

investor. Formally, the difference in CERs,

ACERg ), = CERg(wg) — CERg(wy), (20)

represents the economic gain (or loss) a k-period investor experiences by following the horizon-
matched strategy rather than a strategy optimized for horizon A. In the subsequent analyses, 1
evaluate all in-sample (out-of-sample) strategies over a common period starting in June 1978 (May
1993), when the longest-horizon (k = 120) strategy first becomes available, which ensures consistent
comparison periods across strategies with different data requirements.?*

Table 2 documents the economic value of matching portfolio rules to investment horizons. For
each investment horizon k (columns), entries report ACERy; with strategy horizon h (rows).
The diagonal values are trivially zero and left blank. Positive values indicate economic benefits

from horizon matching. Panel A reports in-sample ACERy, ;, where the optimal combination of

24For k = 120, the in-sample period begins k + 59 = 179 months after the start of the sample, and the out-of-sample
period begins 2k + 118 = 358 months after the start of the sample.
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factor-tracking portfolios (ék and 9h) are estimated using the full sample of tracking portfolio
returns. Panel B reports out-of-sample ACERj, 5, where the optimal combination of factor-tracking
portfolios are estimated using the historical returns available in real time. The managed strategies
are constructed using six factor-tracking portfolios (i.e., J = 6).

Panel A of Table 2 reveals strong horizon-specific patterns for in-sample strategies, such that
strategies targeting a given horizon h, are often suboptimal for investors with different investment
horizons k # h. The first row reports ACER, ,—1—the annualized CER gain or loss for k-period
investors by switching from the one-period (myopic) strategy to the strategy optimized for their
own horizon. Over short horizons, the k-period CERs from horizon-specific differ only marginally
from those of the one-period strategy: A 6-period investor gains an additional 0.53% annualized
6-month CER by following a 6-period strategy compared to following a one-period strategy, a
12-period investor achieves 0.07% lower CER, and a 24-period investor achieves 0.04% higher CER.
The economic value of horizon-matched strategies relative to a myopic strategy excels over longer
horizons. The annualized in-sample CER differences for the 36-, 60-, and 96-month horizons relative
to the single-period strategy are 1.14, 2.89, and 2.76 percent, respectively. Over a 120-month
horizon, an investor gains 4.31% higher CER by following the 120-period strategy rather than a
one-period (myopic) one, which showcases the economic significance of horizon-specific strategies
over the long-run.

The economic value of targeting investment horizon in portfolio decisions is evident across
all horizons. While long-horizon investors benefit from the long-run strategies, these strategies
perform poorly for those with shorter horizons. The last row of Panel A reports ACERy, n—120,
which quantifies the economic gain or loss experienced by k-period investors when they follow the
strategy tailored to their own investment horizon instead of the 120-period strategy. For one-, six-,
and 12-month investors, using the 120-period strategy instead of the horizon-specific strategies
results in lower CERs by 13.65, 20.74, and 18.77 percent, respectively. Additionally, the differences

in CERs generally increase with the gap between investment and strategy horizons. For example,
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the sixth column denotes that while a 60-month investor loses 1.79% annualized CER. over their
investment horizon by following a 36-month strategy instead of their own, they expect to lose 2.89%
by following a myopic strategy and 5.18% by following a 120-period strategy.

Panel B of Table 2 shows that the horizon-specific patterns hold in the out-of-sample results.
For most investment horizons, the horizon-specific strategies generate higher k-period out-of-sample
CERs compared to alternative horizon strategies, specifically as the gap between investment and
strategy horizons widens. For mid-term investors with 36- and 60-month horizons, the myopic
strategy underperforms their horizon-specific strategies by 0.35% and 1.92%, respectively. The losses
from adopting a myopic strategy are more pronounced at longer horizons, reaching 2.47% and 2.61%
for 96- and 120-month investors. At a one-month horizon, the one-period strategy generate 0.28%
and 0.83% higher annualized CERs than the six- and 12-period strategies, respectively, while it
achieves 5.03% and 24.52% higher CERs than the 96-period and 120-period strategies, respectively.
While some of the out-of-sample CER differences may contribute to noise in estimating the 60
parameters, the out-of-sample results showcase strong horizon-specific patterns that are exploitable
in real time.

To see the relative contribution of k-period CERs of horizon-specific versus that of mismatched
strategies in driving the differences shown in Table 2, Figure 4 presents the k-period CERs from
following different horizon strategies. Each entry shows CERg(wp,), where the columns (y-axis)
indicate the investment horizon (k), and the rows (x-axis) represent the strategy horizon (h). The
diagonal elements (in bold) show the CERs achieved when the investment horizon matches the
strategy horizon.?® Panel A shows the in-sample CERs and Panel B shows the out-of-sample CERs.
Subtracting each entry in a given column from the corresponding diagonal value in that column
yields the ACERy,;, values reported in Table 2.

Comparing across investment horizons (columns) for a given strategy shows how each strategy

serves investors with different investment horizons. Despite having the best short-run performance,

ZThe slight differences between the k-period CERs presented here and those documented in Table 1 are attributed
to a smaller evaluation sample used for Figure 4 for horizons shorter than k = 120.
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the k-period CERs of short-horizon strategies consistently decrease over longer horizons. The
in-sample (out-of-sample) CERs of the one-and 12-period strategies are 8.78% (6.74%) and 8.72%
(5.32%) over 120 months, respectively. The out-of-sample 120-month CERs of the short-horizon
strategies are even smaller than that of the equally weighted (EW) benchmark, which exhibits low
and negative CERs over short horizons. The deteriorating long-run performance of short-horizon
strategies suggests that optimizing for short-term gains can come at the cost of long-term utility.?
Notably, while the long-horizon strategies yield the best outcomes over their target horizons, they
perform poorly when evaluated over short horizons. The 120-period strategy yields an annualized
120-month CER of 13.09% in-sample and 9.35% out-of-sample. Despite this long-term gain, the
in-sample CERs of the 120-period strategy are -1.52%, -9.37%, and -8.44% over one-, six-, and 12-
month, respectively. Out-of-sample, the 120-period strategy shows even worse short-run performance,
with the CERs being -15.28%, -31.48%, and -25.83% when evaluated over the respective short
horizons. This pattern highlights a fundamental tension in long-horizon investing: strategies that
are optimal over long horizons can appear deeply unattractive when judged over shorter periods.
The findings in this section show that horizon-specific strategies consistently deliver higher utility
than strategies optimized for other horizons. This pattern holds both in and out of sample, and
becomes more pronounced as the gap between investment and strategy horizons widens. While each
managed strategy performs well relative to benchmarks, its effectiveness is tightly linked to the
horizon it targets, establishing investment horizon as a key dimension of optimal portfolio decisions
with tangible economic value that translates directly into real-world applications. The findings show
that targeting final payoffs—rather than intermediate outcomes—can lead to strategies that are not
only implementable over large number of assets but also strongly aligned with investors’ long-term

goals.

26This finding is consistent with Bessembinder, Cooper, and Zhang (2023), who show that most mutual funds
underperform the S&P 500 over long horizons, despite often generating attractive short-run returns. This pattern
illustrates that strong short-run performance does not necessarily translate into long-term success—particularly
when investment decisions are influenced by short-term performance metrics, as is often the case with mutual fund
investments.
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4.2.2 Properties of Horizon-specific Portfolios

This section explores the structural sources of the horizon-specific performance documented
above by examining how portfolio compositions and statistical properties vary across investment
horizons. Understanding these differences provides insights into how optimal asset allocation and
portfolio characteristics fundamentally change with investment horizon.

Table 3 summarizes the weight statistics in the basis assets (Wy,¢) for horizon-specific portfolios.
The weight statistics reveal systematic changes in portfolio composition as the investment horizon
increases. Most notably, longer-horizon portfolios take progressively fewer short positions. As shown
in Panel A (Panel B), the proportion of negative weights declines from 38.00% (37.98%) for the
one-period strategy to 28.85% (21.19%) for the 120-period strategy in the in-sample (out-of-sample)
estimates. Additionally, in-sample (out-of-sample) estimates show that the sum of negative weights
declines from -62.73% (-65.78%) under the one-period strategy to -33.73% (-25.38%) under the
120-period strategy. Furthermore, the sum of weights in risky assets increases with the investment
horizon from 42.74% (40.33%) for the in-sample (out-of-sample) one-period strategy to 119.45%
(155.70%) for the in-sample (out-of-sample) 120-period strategy. These findings are consistent with
the conventional wisdom that investors with longer horizons should allocate a larger portion of
wealth to equities.

Notably, the horizon-specific portfolio rules showcase the advantage of short-leg anomalies for
long-horizon investors. Figure 6 plots the in-sample weight statistics of short- and long-leg anomalies
in the optimal portfolios. Panels A—C show that short legs receive substantial negative weights at
short horizons, reflecting their poor short-run performance. However, as the investment horizon
increases, the optimal portfolio assigns increasingly larger positive weights to short legs: the sum of
negative weights declines, the minimum weight increases, and the proportion of negative positions
steadily decreases. Panel D further shows that the contribution of short legs to total risky positions

grows more with horizon relative to that of long legs.?” These patterns support the view that

2TFigure A4 plots the out-of-sample weight statistics of short- and long-leg anomalies in the k-period optimal
portfolios. The patterns are consistent with those described for the in-sample weight statistics.
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short-leg anomalies become increasingly valuable for long-horizon investors, consistent with their role
in hedging against deteriorating investment opportunities (e.g., Campbell and Vuolteenaho, 2004;
Campbell, Giglio, Polk, and Turley, 2018). These patterns indicate that, without explicitly modeling
return dynamics or investment opportunities, my approach captures economically meaningful shifts
in portfolio composition that reflect horizon-specific investment needs. The summary of weight
statistics further highlights the systematic differences in portfolio compositions across different
horizon investors; the portfolio rules, while being systematically horizon-varying, serve investors
with specific target horizons by providing utility over their investment horizon.

Table 4 reports the in-sample statistical properties of various strategies across different investment
horizons.?® For each investment horizon k, the values are k-period statistics of the strategy horizons
and are annualized for ease of interpretation. Panels A and B show that the mean and standard
deviation of returns generally increase with the strategy horizon, with long-horizon strategies often
delivering higher mean and standard deviation than short-horizon strategies over all investment
horizons. For example, the one-month mean and standard deviation (first columns of Panel A and
B) for the 120-month strategy are 21.07% and 26.25%, respectively, which are the highest among all
portfolios, including the EW and LS benchmarks. However, as shown in Panel C, longer-horizon
strategies display decreasing variance ratios toward their target horizons, suggesting a mean-reverting
component that reduces per-period risk over longer horizons. In contrast, short-horizon strategies
exhibit increasing variance ratios over longer holding periods, indicating an increase in per-period
risk over time.

To illustrate these horizon-specific features more clearly, Figure 5 compares the in-sample
statistical properties of the myopic (one-period), 60-period, and 120-period portfolios across all
investment horizons. These figures reveal distinct horizon-dependent characteristics. Although
the 120-month strategy initially displays the highest short-run standard deviation, its variance

ratio steadily declines with increasing holding periods, ultimately showing a lower 120-month

28The out-of-sample properties of the strategies across different investment horizons are reported in Table 5.
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standard deviation compared to the myopic strategy. On the other hand, the k-period variance
ratios of the 60-month strategy are close to one and this strategy provides a steady CER across all
investment horizons, consistent with the strategy representing a medium-term portfolio and hence,
its characteristics showing moderate horizon-dependent patterns. Lastly, the riskiness of the myopic
strategy increases over longer horizons, and despite achieving the best short-run performance, it
attains the least CER among the three strategies over horizons beyond approximately five years.
Panels E and F plots skewness and kurtosis of strategies across horizons. The 120-period shows
extreme higher moments when evaluated over shorter horizons. However, both skewness and kurtosis
decrease over horizons, ultimately exhibiting a slight positive skewness and kurtosis around three
over 120 months, a return profile that is in favor of long-horizon investors.

The properties of horizon-specific portfolios indicate that the portfolio characteristics required
for achieving superior long-horizon certainty-equivalent returns (CERs)—such as consistent capital
appreciation, decreasing per-period risks, and desired higher moments—emerge naturally when
portfolios are explicitly optimized for final, multi-period outcomes. Additionally, the findings
provide further evidence that the short-run properties of portfolios do not necessarily determine
their long-run properties and performance. When portfolio decisions are judged using short-run
metrics, this disconnect can lead to systematically favoring strategies that appear attractive in the

near term but fail to deliver over the long run.

4.3 Constrained Portfolios

This section reexamines the main empirical analyses for portfolios that have short-sale and
leverage constraints. Following the procedure described in Section 2.4.3, I construct the series of
optimal asset weights from investing in the long-only factor-tracking portfolios. I then impose a
no-leverage constraint by scaling the weights so that sum of weights in risky positions does not
exceed one (i.e., ZZ]L |W; 1] < 1).

Table 6 reports the k-period certainty-equivalent returns (CERs) under these constraints. Panel
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A highlights that the marginal in-sample gains from increasing the number of systematic factors
(J) are minimal upon imposing the constraints. For the one-period portfolio, increasing J from
one to 12 improves the CER modestly, from 5.48% to 6.70%. Similarly, at the 120-month horizon,
the improvement is from 10.15% (for J = 1) to 11.02% (for J = 12). Additionally, the k-period
CERs are generally weaker compared to those reported in Table 1 for the unconstrained portfolios.
However, the decrease in CERs upon imposing the constraints are less prominent over the long-run.
For instance, with 12 factor-tracking portfolios (J = 12), the in-sample one-period CER of the
constrained portfolio is 6.70% as opposed to 15.47% for the unconstrained portfolio, while those
of the 120-period constrained and unconstrained portfolios are 11.02% and 17.27%, respectively.
Interestingly, the 96-period constrained portfolios with 9 and 12 factors show higher out-of-sample
CERs than their unconstrained counterparts.?? In contrast, the short-run CERs of the constrained
portfolios remain sharply lower than the unconstrained portfolios, both in-sample and out-of-sample.
These patterns suggest that the short-sale and leverage constraints are less binding for long-horizon
investors and could even benefit real-time applications.

Despite the relative decline in CERs for the constrained portfolios, the horizon-specific portfolios
mostly generate higher k-period CERs compared to the benchmark portfolios. The column labeled
as ‘Long’ represents a constrained version of the LS portfolio that invests only in the top decile of
the anomaly portfolios.> This benchmark deliver high k-period CERs, specially over the long-run.
Nevertheless, the k-period CERs of the horizon-specific portfolios remain comparable to those of
the ‘Long’ benchmark. With 12 tracking portfolios (J = 12), the out-of-sample annualized CERs of
one-, six-, and 12-month strategies are 6.53%, 5.53%, and 5.56%, respectively, surpassing those of all
three benchmarks. Over 96 and 120 months, the constrained horizon-specific portfolios with J = 12
show out-of-sample CERs of 9.08% and 9.36%, respectively. Over these respective long horizons,

the EW benchmark delivers CERs of 7.41% and 7.23%, and the ‘Long’ benchmark delivers CERs of

29The out-of-sample utility gains from constrained relative to unconstrained portfolios appears across many other
horizons longer than six years.

30With non-negative weights, the short-leg anomalies in the LS benchmark now carry zero weights, as per Eq. 17.
The other two benchmarks—the equally weighted benchmark and the market portfolio—remain unchanged.
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9.95% and 9.69%, respectively.

Table 7 documents the economic value of matching portfolio rules to investment horizons for
the constrained portfolios. The results for the constrained portfolios are consistent with those
documented in Table 2 for the unconstrained portfolios, such that strategies optimized for a given
horizon h are often suboptimal for investors with horizons k # h. In-sample (out-of-sample), 96- and
120-period investors gain 4.13% (2.81%) and 4.22% (3.95%) higher annualized CERs by switching
from a myopic strategy to their horizons’ strategies. On the other hand, investors with one, six, and
12 months horizons expect to lose 2.88 (2.85), 4.54 (5.07), and 3.64 (4.32) percent, respectively by
adopting the 120-period strategy in the in-sample (out-of-sample) estimates.

Figure 7 reports the k-period CERs under different horizon strategies for the constrained
portfolios. For a given strategy (row), values report the annualized CER over investment horizons
(columns). Similar to the unconstrained results in Figure 4, the k-period CERs tend to peak at
or around the strategies’ horizons. However, imposing the constraint result in less sever k-period
CERs when evaluating long-horizon strategies over short horizons. For example, the 120-month
constrained strategy yields annualized CERs of 4.03% and 1.70% when evaluated over one- and
six-month horizons, respectively, compared to -1.52% and -9.37% under the unconstrained version.
Similar patterns hold when short-horizon strategies are evaluated over the long run: although the
long-horizon outcomes of the constrained short-horizon strategies are suboptimal, they are less
severe than in the unconstrained case. These patterns reflect the fact that constraints limit the
extent to which portfolios adapt to their target horizons. The short-sale constraint removes short
positions, which differ across horizons in both size and asset composition. In addition, leverage is
no longer available to magnify portfolio differences. Together, these constraints reduce variation in
portfolio compositions across horizons, which results in fewer extreme outcomes when strategies are
evaluated away from their target horizons.

Lastly, Table 8 summarizes the weight statistics for the constrained horizon-specific portfolios.

Upon imposing the short-sale constraint, all portfolios show zero values for minimum weight and sum
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and proportion of negative weights. Similar to the unconstrained case, sum of weights in risky assets
increase with investment horizons such that long-horizon investors allocate a larger portion of wealth
to equities. Overall, this section provides evidence for the robustness of the horizon-specific strategies
under realistic short-sale and leverage constraints. The constrained portfolios offer superior k-period
CERs compared to the benchmark strategies and the strategies remain horizon-specific, such that

investors benefit from using horizon-matched strategies over those optimized for alternative horizons.

5 Conclusion

I propose a novel approach to multi-period portfolio choice with many assets that does not rely
on modeling the dynamics of investment opportunities. Instead of solving the complex dynamic
optimization problem, I characterize final investment payoffs through the systematic factor of
holding-period returns and construct tradable factor-tracking portfolios that deliver these horizon-
specific payoffs. A multi-period investor buys a utility-maximizing combination of her horizons’
factor-tracking portfolios. The empirical results document superior performance for the horizon-
specific strategies compared to benchmark portfolios, both in-sample and out-of-sample. More
notably, I find compelling evidence for the economic significance of investment horizon in portfolio
decisions. Investors with specific horizons benefit from following horizon-matched portfolio rules
compared to strategies optimized for alternative horizons. The findings are robust under realistic
short-sale and leverage constraints.

By focusing on final payoffs rather than intermediate returns, my approach sidesteps the compu-
tational complexities and estimation errors that typically plague dynamic portfolio optimization with
large asset universes. This payoff-based approach lets the data speak to the differences in optimal
policies across horizons: Strategies optimized for short horizons fail to deliver over the long run,
while long-horizon strategies appear deeply unattractive when judged over short periods. In practice,
the investment performance of many fund managers is evaluated based on short-term returns,

creating incentives that encourage short-run gains and discourage horizon-consistent strategies. The
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results demonstrate that investment horizon is not merely a theoretical input but a practical and
economically important dimension of portfolio design with effects that are large, measurable, and

directly usable in real-time.
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Table 1: k-period CERs

The table presents the k-period (annualized) certainty-equivalent returns (CERs) for horizon-specific portfolios
and benchmark strategies. The underlying assets are 230 extreme decile portfolios from Chen and Zimmermann
dataset. The first four columns showcase the CERs for weights estimated using J number of factors. The
columns labeled ‘EW’ and ‘LS’ invest an equal portion in all assets and in long-minus-short legs, respectively.
‘Mkt’ reports CERs from holding the market portfolio. The optimal policies are following Wy ; = Ek’tﬁk (Eq.
8). For each horizon k, the target horizon loadings (Ek,t) are estimated using an expanding window with an
initial length of 60 k-month observations. The 6, coefficients are solved numerically and are restricted to
be between 0 and 1. The sample period spans from July 1963 to December 2023. For each horizon k, the
effective in-sample (out-of-sample) window starts from &k + 59 months (2k + 118 months) after the starting of
the sample, where the first ]A3k7t (ék) becomes available. Investors have power utility over terminal wealth
with 4 = 5. The CERs are annualized from k-period CERs by (1 + CERy,(wy))2/% — 1.

Panel A: In-Sample

Horizon-specific Portfolios

Benchmark Strategies

k J=1 J=6 J=9 J=12 EW LS Mkt
1 5.48 11.57 13.78 1547 -0.76 11.58  4.46
6 5.24 11.70 13.31 15.06 -3.69 11.32  3.32
12 539 10.44 1254 13.77 -2.21 11.00 3.24
24 5.69 10.24 11.67 12.81 -0.59 10.31  3.41
36 6.45 10.81 11.54 1344 2.88 9.69 4.52
60 730 1253 14.04 14.27 643 8.43 6.99
96 9.49 11.92 1239 1392 811 7.19 6.93
120 10.16 13.09 16.73 17.27 825 6.70 5.79
Panel B: Out-of-Sample
Horizon-specific Portfolios Benchmark Strategies
k J=1 J=6 J=9 J=12 EW LS Mkt
1 5.15 11.10 13.20 14.82 094 11.37 5.19
6 4.81 1091 1247 14.14 -091 11.00 5.24
12 4.91 9.63 11.39 12.44 0.03 10.65 4.90
24 5.07 8.27 8.79 10.82  1.09 9.81 4.79
36 5.53 9.40 9.77 11.32  4.05 8.95 5.15
60 4.05 8.71 9.39 8.43 5.30  7.36 6.11
96 8.63 9.81 7.91 8.71 741  5.96 5.75
120 8.90 9.35 1290 11.87 723 5.31 4.42
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Table 2: CER Gains of Following Horizon-Specific Portfolio Rules

The table shows differences in (annualized) certainty equivalent returns (ACERs) between horizon-matched and
mismatched portfolio rules. For each investment horizon & (columns), entries report CERy (wy) — CERg (wp),
where h is the strategy horizon (rows). For example, the top-right entry in Panel A (4.31%) indicates that a
120-month investor earns 4.31% higher annualized in-sample CER by following the 120-period rule instead of
the one-period rule. Managed strategies are constructed using six factor-tracking portfolios (i.e., J = 6). The
sample period spans from July 1963 to December 2023, and the in-sample (out-of-sample) CERs are for a
common period starting in June 1978 (May 1993), when the longest horizon strategy (k = 120) first becomes
available. Investors have power utility over k-period wealth with v = 5.

Panel A: In-Sample

Strategy Investment Horizon

Horizon 1 6 12 24 36 60 96 120
1 0.53 -0.07  0.04 1.14 2.89 2.76 4.31
6 -0.11 -0.77  -0.42 1.10 2.74 2.75 4.29
12 0.99 0.90 0.05 1.43 2.94 2.85 4.38
24 0.40 0.55 -0.22 1.56 3.19 2.96 4.43
36 -0.04  0.25 -0.77  -1.04 1.79 2.01 3.60
60 0.94 1.17 -0.45  -1.07 -0.86 -0.97  0.50
96 3.66 5.74 4.13 2.13 1.48 2.17 0.84
120 13.65 20.74 18.77 17.11 1043 5.18 -0.71

Panel B: Out-of-Sample

Strategy Investment Horizon

Horizon 1 6 12 24 36 60 96 120
1 0.10 0.01 -1.52  0.35 1.92 2.47 2.61
6 0.28 -0.25  -1.38 1.10 2.35 2.87 2.92
12 0.83 0.29 -1.40 1.14 2.85 3.87 4.03
24 0.69 0.79 0.80 241 3.30 3.19 3.25
36 1.26 0.82 0.20 -1.98 1.54 2.63 2.85
60 0.38 0.43 -0.32  -2.29  -1.12 -0.01  0.18
96 5.03 4.31 2.42 -1.29  -0.66 -0.12 0.06
120 24.52 3942 33.08 26.38 17.11  7.39 0.37
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Table 3: Weight Statistics of Horizon-Specific Portfolios

This table reports the summary statistics of the asset-level weights (Wy, ;) for the horizon-specific portfolios.
The weight variables are time-series averages of the cross-sectional statistics (multiplied by 100), including
sum of absolute weights (leverage), maximum weight, minimum weight, sum of negative weights, fraction of
negative weights, and sum of weights. The sample period spans from July 1963 to December 2023, and the
in-sample (out-of-sample) statistics are for a common period starting in May 1978 (April 1993), when the
longest horizon portfolio weight (k = 120) first becomes available.

Panel A: In-Sample

Strategy Horizon

Variable 1 6 12 24 36 60 96 120
> |wy 168.21 179.24 171.95 177.07 185.95 180.35 169.10 186.91
max w; 2.45 2.43 2.66 3.64 4.62 5.48 7.19 7.06
min w; -3.85 -3.53  -3.33 311 -2.71 -2.61 -2.55 295

Swil(w; <0) -6273 -73.69 -69.09 -66.58 -66.50 -53.82 -35.71 -33.73
> I(w; <0)/N 38.00 43.20 42.25 4242 43.775 40.06 34.35 28.85
> w; 4274 31.86 33.77 4392 5295 7271  97.69 119.45

Panel B: Out-of-Sample

1 6 12 24 36 60 96 120
> |wy 171.88 176.01 165.56 181.92 168.44 163.87 133.18 206.46
max w; 2.45 2.28 2.64 3.78 4.57 5.90 6.45 6.46
min w; -4.28  -4.05 -3.42  -3.13 -2.99 -1.97 -1.71 -3.15

d>wil(w; <0) -65.78 -69.54 -67.74 -66.92 -60.76 -41.20 -24.45 -25.38
> I(w; <0)/N 3798 41.11  43.24 4247 4552 36.59 29.92  21.19
> w; 40.33  36.92 30.08 48.09 4691 81.47 84.28 155.70
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Table 4: Statistical Properties of Strategies Across Different Investment Horizons
(In-Sample)

This table shows the statistical properties of various strategies’ returns across different investment horizons.
The strategies include the horizon-specific portfolios and two respective benchmarks. The reported statistics
are estimated over the investment horizons (columns) and include (annualized) mean return, (annualized)
standard deviation, variance ratio, skewness, and kurtosis. The sample period spans from July 1963 to
December 2023, and the statistics are for a common period starting in June 1978, when the in-sample portfolio
of the longest horizon strategy (k = 120) first becomes available.

Investment Horizon

Strategies 1 6 12 24 36 60 96 120

Panel A: Mean

1-month 14.01 14.20 14.32 1445 14.52 14,55 14.54  14.67
6-month 13.88 13.99 14.13 1439 1451 1436 14.17 14.19
12-month 12.69 1276 12.89 13.01 13.03 12.84 1270 12.75
24-month 13.30  13.37 13,50 13.67 13.83 1391 1394 13.97
36-month 15.06 15.26 15.44 1555 15.62 15.66 15.50  15.65
60-month 1790 18.06 18.12 1787 17.72 17.30 16.86 16.79
96-month 18.61 19.18 19.41 18.97 18.69 18.56 18.49 18.75
120-month  21.07 22.20 23.06 21.49 20.06 18.96 1740 17.30
EW 13.11  13.85 1391 1331 13.23 1347 1148 10.74
LS 11.34 1144 1158 11.84 12.03 1244 12,57 1231

Panel B: Standard Deviation

1-month 8.27 12.08 13.86 15.79 18.18 26.63 40.01  53.21
6-month 7.71 10.41 11.87 15.03 18.27 25.85 37.47  48.63
12-month 7.38 9.80 10.92 12.53 1445 20.07 2843 36.41
24-month 741 10.01 11.39 14.01 1726 26.04 40.90 52.49
36-month 10.11  13.40 14.86 17.27 20.52 3044 44.13  58.00
60-month 15.11  18.69 20.22 20.59 21.22 29.33 42.59 57.15
96-month 18.47 23.56 26.53 26.91 28.98 4349 75.54 115.63
120-month  26.25 35.15 4556 40.22 33.14 43.86 42.82 51.84
EW 2091  24.69 26.27 2347 2255 31.89 29.14  26.42
LS 3.53 5.26 712 10.62 13.97 2093 34.28 43.36
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Table 4: (continued)

Investment Horizon

Strategies 1 6 12 24 36 60 96 120
Panel C: Variance Ratio
1-month 1.00 1.84 213 232 236 3.06 339 3.66
6-month 1.00 1.61 184 236 269 330 3.57 3.82
12-month 1.00 1.53 1.68 191 2.05 250 265 284
24-month 1.00 1.63 188 2.31 270 3.60 4.18 4.46
36-month 1.00 1.50 1.57 1.65 1.71 221 233 247
60-month 1.00 1.24 1.17 1.00 0.81 0.82 0.71 0.70
96-month 1.00 1.34 1.33 1.09 090 1.02 0.96 0.96
120-month ~ 1.00 1.25 1.30 1.01 0.62 051 0.22 0.19
EW 1.00 1.20 1.13 081 057 0.60 031 0.21
LS 1.00 2.01 330 590 827 12.43 1825 20.18
Panel D: Skewness
1-month 0.30 080 0.66 0.00 0.08 0.11 -0.08 -0.07
6-month 0.29 0.62 0.51 0.21 022 0.16 -0.08 -0.19
12-month  -0.58 0.76 0.66 -0.13 -0.21 -0.08 -0.22 -0.26
24-month  -0.71  0.05 0.05 -0.12 0.02 0.25 024 0.04
36-month  -0.02 0.66 0.76 0.39 0.50 0.37 0.06 -0.03
60-month  -0.10 0.84 123 042 014 0.35 035 042
96-month  -0.28 0.65 1.16 0.50 0.56 0.64 0.96 1.36
120-month  0.07 2.21  3.86 1.87 071 115 0.52 0.20
EW -0.40 059 099 046 052 1.04 092 0.62
LS 0.70 047 033 0.22 0.13 -0.09 -0.15 -0.13
Panel E: Kurtosis
1-month 5.59 479 4.02 235 239 202 152 1.64
6-month 731 5.52 443 3.12 269 198 1.61 1.40
12-month 6.94 648 5.43 325 254 196 149 149
24-month 6.64 345 294 2,55 230 199 1.66 1.36
36-month 7.05 3.84 4.04 251 245 199 1.67 1.77
60-month 7.78 511 6.41 3.32 253 241 211 232
96-month 5.78 4.51 5.81 294 3.01 249 2.70 3.97
120-month 10.01 14.03 29.68 11.13 4.67 6.28 3.60 2.44
EW 546  4.71  5.31 3.67 327 417 335 3.46
LS 5.04 279 248 215 196 1.70 1.51 1.46
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Table 5: Statistical Properties of Strategies Across Different Investment Horizons
(Out-of-Sample)

This table shows the statistical properties of various strategies’ returns across different investment horizons.
The strategies include the horizon-specific portfolios and two respective benchmarks. The reported statistics
are estimated over the investment horizons (columns) and include (annualized) mean return, (annualized)
standard deviation, variance ratio, skewness, and kurtosis. The sample period spans from July 1963 to
December 2023, and the statistics are for a common period starting in May 1993, when the out-of-sample
portfolio of the longest horizon strategy (k = 120) first becomes available.

Investment Horizon

Strategies 1 6 12 24 36 60 96 120

Panel A: Mean

1-month 11.37 11.52 11.67 1191 1203 11.73 11.83 11.68
6-month 10.80 10.90 11.01 11.18 11.12 10.57 10.54 10.27
12-month 9.94 9.97 10.14 10.39 1041 10.06 10.09 9.81
24-month 10.51 10.54 10.67 10.87 10.98 10.39 9.91 9.83
36-month 10.07 10.10 10.22 1047 10.69 10.76 10.97 10.88
60-month 1596 1599 16.12 16.11 15.84 14.69 1397 13.86
96-month 14.73 1490 15.26 14.83 14.39 13.19 1241 12.60
120-month  21.62 23.36 24.32 2238 2042 1876 17.00 17.13
EW 1155 1191 1229 11.v6 11.70 11.18 10.33 9.33
LS 8.55 8.68 8.80 9.11 9.35 9.87 9.94 8.57

Panel B: Standard Deviation

1-month 895 1295 15.07 17.28 19.90 28.56 42.99 54.50
6-month 8.23 11.06 1255 1495 17.23 2250 32.82 40.05
12-month 7.51 10.17 12.03 14.29 16.70 23.44 35.78 43.47
24-month 837 11.22 13.12 15.86 18.78 24.67 34.44 44.32
36-month 8.75 1131 1246 13.92 16.23 24.28 35.85 42.65
60-month 1593 19.55 2250 22,73 2348 29.50 43.59 63.40
96-month 19.44  23.61 2794 2570 23.82 26.73 31.61 45.83
120-month  33.19 44.11 56.64 50.75 44.19 57.31 67.78 92.27
EW 21.33 2476 27.11 2429 2096 23.83 23.86 22.26
LS 3.5 4.93 6.50 9.67 12.68 18.94 29.v7 32.51
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Table 5: (continued)

Investment Horizon

Strategies 1 6 12 24 36 60 96 120
Panel C: Variance Ratio
1-month 1.00 1.81 2.8 2.45 246 3.05 342 345
6-month 1.00 1.62 1.89 232 250 275 3.00 290
12-month 1.00 1.59 2.00 249 279 358 438 4.35
24-month 1.00 1.68 208 2.61 294 319 294 3.01
36-month 1.00 148 1.59 1.64 1.71 237 286 2.92
60-month 1.00 1.25 1.31 1.15 097 0.95 087 0.92
96-month 1.00 1.16 120 0.89 0.63 0.51 0.37 042
120-month  1.00 1.28  1.30 1.07 0.69 0.58 0.32 0.30
EW 1.00 120 1.20 088 0.55 045 0.25 0.18
LS 1.00 1.76 2.77 5.02 7.11 11.01 15.60 14.04
Panel D: Skewness
1-month 0.54 1.05 090 034 065 092 079 1.01
6-month 0.02 0.66 053 012 0.18 0.52 062 0.91
12-month  -0.07 1.14 0.96 024 029 0.61 071 0.95
24-month  -0.63 -0.16 0.04 -0.02 0.14 054 1.01 1.28
36-month  -0.11 0.70 0.92 0.62 0.83 099 0.75 0.59
60-month 0.15 095 143 057 032 0.31 074 1.33
96-month 0.14 132 1.98 1.10 079 083 0.74 1.27
120-month -0.12 1.74  3.12 1.52  1.01 1.00 0.80 0.89
EW -0.16 0.70 110 0.63 041 0.56 0.58 0.49
LS 096 1.06 090 078 066 038 040 0.86
Panel E: Kurtosis
1-month 5.14 527 427 229 288 3.02 199 261
6-month 595 6.25 4.59 295 242 239 1.72 239
12-month 6.10 6.75 4.88 232 2.02 220 1.78 242
24-month 535 4.31 340 3.06 259 228 241 2.99
36-month 5.36 4.40 4.85 296 2.88 290 2.09 1.79
60-month 6.60 5.32 6.41 3.28 241 2.04 226 3.69
96-month 6.48 5.99 831 4.08 3.10 3.15 2.36 3.86
120-month  7.58 9.70 19.74 7.74 546 4.73 248 2.56
EW 4.85 5.63 576 428 3.69 334 249 235
LS 5.68 4.04 3.26 2.71 223 153 148 224
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Table 6: k-period CERs (Constrained Portfolios)

The table presents the k-period (annualized) certainty-equivalent returns (CERs) for horizon-specific portfolios
and benchmark strategies. The underlying assets are 230 extreme decile portfolios from Chen and Zimmermann
dataset. The first four columns showcase the CERs for weights estimated using J number of factors. The
columns labeled ‘EW’ and ‘Long’ invest an equal portion in all assets and in the long-legs of anomaly
portfolios, respectively. ‘Mkt’ reports CERs from holding the market portfolio. The optimal policies are
following Wy, ; = Bk,tek (Eq. 8). For each horizon k, the target horizon loadings (]:%kt) are estimated using an
expanding window with an initial length of 60 k-month observations, and are restricted to have non-negative
values. The 6}, coefficients are solved numerically and are restricted to be between 0 and 1. Portfolio rules
have non-negative constraint (w;,, > 0) and leverage constraint (Zl\il |t; k.¢| < 1). The sample period
spans from July 1963 to December 2023. For each horizon k, the effective in-sample (out-of- sample) window
starts from k 4+ 59 months (2k + 118 months) after the starting of the sample, where the first Bk ¢ (0r)
becomes available. Investors have power utility over terminal wealth with v = 5. The CERs are annualized
from k-period CERs by (1 + CERg(wy,))'2/F — 1.

Panel A: In-Sample

Horizon-specific Portfolios Benchmark Strategies

k J=1 J=6 J=9 J=12 EW Long Mkt

5.48 6.70 6.70 6.70  -0.76  3.52 4.46
6 5.24 5.96 5.96 5.96  -3.69 0.56 3.32
12 5.39 6.06 6.06 6.06 -2.21 1.88 3.24
24 5.69 6.67 6.67 6.67  -0.59 2.90 3.41
36 6.45 7.81 7.81 7.81 2.88 6.24 4.52
60 7.30 9.95 9.95 9.95 6.43 9.03 6.99
96 949 10.72 10.69 10.57 811 10.93  6.93
120 10.15 10.54 11.02 11.02 8.25 10.99 5.79

Panel B: Out-of-Sample

Horizon-specific Portfolios Benchmark Strategies

k J=1 J=6 J=9 J=12 EW Long Mkt

5.15 6.53 6.54 6.53 0.94 5.21 5.19
6 4.81 5.93 9.53 5.53 -091 3.23 5.24
12 4.91 5.56 5.54 5.54 0.03 3.93 4.90
24 5.07 4.62 4.62 4.62 1.09 4.21 4.79
36 5.53 7.02 7.02 6.95 4.06 7.01 5.15
60 4.05 6.39 5.62 5.62 5.30 7.81 6.11
96 8.63 8.40 8.73 9.08 741  9.95 5.75
120 8.90 9.00 9.58 9.36 7.23  9.69 4.42
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Table 7: CER Gains of Following Horizon-specific Portfolio Rules (Constrained Portfo-

lios)

The table shows (annualized) differences in certainty equivalent returns (ACERs) between horizon-matched
and mismatched portfolio rules. Portfolio rules have non-negative constraint (w; . > 0) and leverage con-

straint (Eivzl |t; k1| <1). For each investment horizon k (columns), entries report CERy(wy) — CERy(wp),
where h is the strategy horizon (rows). The sample period spans from July 1963 to December 2023, and
the in-sample (out-of-sample) CERs are for a common period starting in June 1978 (May 1993), when the
longest horizon strategy (k = 120) first becomes available.

Panel A: In-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120
1 -0.14  -0.26  0.04 1.11 2.84 4.13 4.22
6 0.33 -0.10  0.27 1.49 3.15 4.46 4.50
12 0.42 0.14 0.33 1.46 3.14 4.46 4.52
24 0.03 -0.07  -0.21 0.90 2.53 3.64 3.66
36 0.47 0.63 0.13 -0.24 1.59 2.68 2.72
60 0.92 1.30 0.39 -0.48  -1.09 0.03 -0.07
96 2.42 4.17 3.31 2.37 0.77 0.79 -0.33
120 2.88 4.54 3.64 2.76 0.82 0.97 0.25
Panel B: Out-of-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

-0.55  -0.79 -2.43 0.34 0.40 2.81 3.95
6 0.76 -0.18  -1.61 1.45 1.53 4.02 5.21
12 0.76 0.18 -1.47  1.39 1.44 3.86 5.04
24 0.75 1.34 1.30 2.17 1.65 3.55 4.72
36 0.67 0.31 0.04 -2.00 -0.01  2.38 3.53
60 1.18 2.76 2.45 0.71 1.25 0.81 1.93
96 297 5.96 5.52 3.34 2.66 0.23 0.89
120 2.85 5.07 4.32 1.68 0.56 -1.24  -0.86
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Table 8: Weight Statistics of Horizon-Specific Portfolios (Constrained Portfolios)

This table reports the summary weight statistics of the horizon-specific portfolios. The weight variables are
time-series averages of the cross-sectional statistics (multiplied by 100), including sum of absolute weights
(leverage), maximum weight, minimum weight, sum of negative weights, fraction of negative weights, and sum
of weights. Portfolio rules have non-negative constraint (w; ¢ > 0) and leverage constraint (Zfil [ ;1] < 1).
The sample period spans from July 1963 to December 2023, and the in-sample (out-of-sample) statistics are
for a common period starting in May 1978 (April 1993), when the longest horizon portfolio weights (k = 120)
first becomes available.

Panel A: In-Sample

Strategy Horizon

Variable 1 6 12 24 36 60 96 120
3wy 4048 33.44 3588 44.23 67.09 88.95 100.00 99.96
max wj 145 119 075 166 215 3.53 3.98 4.15
min w; 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01

Y wil(w; <0) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
> I(w; <0)/N 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
> w; 4048 33.44 3588 44.23 67.09 88.95 100.00 99.96

Panel B: Out-of-Sample

1 6 12 24 36 60 96 120
> |wil 39.81 3192 36.80 54.07 54.32 86.60 97.26 100.00
max wj 146 093 109 167 229 379 4.25 4.03
min w; 0.00 0.00 0.00 0.00 0.00 0.00 o0.01 0.01

> wil(w; <0) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
> I(w; <0)/N 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
> ow; 39.81 3192 36.80 54.07 54.32 86.60 97.26 100.00
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Panel A: In-Sample
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Figure 1: CERs Across Different Number of Factors

This figure presents the (annualized) k-period in-sample (Panel A) and out-of-sample (Panel B) certainty-
equivalent returns (CER) under varying number of factors (J). The dotted lines show the CER of the equally
weighted (EW) portfolio, the solid lines show the CER of the long-minus-short (LS) portfolio, and the dashed
lines show the CER of the market portfolio.
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Panel B: Out-of-Sample
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Figure 1 (continued): CERs Across Different Number of Factors
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Figure 2: Horizon-specific vs. Benchmark Portfolios (In-Sample)

This figure shows the in-sample properties of the horizon-specific portfolios (HSP) and the two benchmark
portfolios across different investment horizons. The reported statistics are estimated over the investment
horizons and include A:(annualized) certainty-equivalent return, B: (annualized) mean return, C: (annualized)
standard deviation, D: variance ratio, E: skewness, and F: Kurtosis. The sample period spans from July 1963
to December 2023 and the effective in-sample window starts from k + 59 months after the starting of the

sample sample.
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Figure 3: Q-Q Plots of Long-run Payoffs: HSP vs. Benchmarks (In-Sample)

This figure presents Q-Q plots comparing the empirical distributions of in-sample 60-period payoffs (Panel
A) and 120-period payoffs (Panel B). In each subplot, the x-axis shows the sorted k-period payoffs from
horizon-specific portfolio (HSP), and the y-axis shows the sorted k-period benchmark payoffs. Each point
represents a matched order statistic—i.e., the i-th smallest HSP payoff against the i-th smallest benchmark
payoff. Each plot is based on 548 observations for k& = 60 and 428 observations for k = 120. The 45-degree
reference line indicates equality in distributions. Points below (above) the line suggest HSP outperforms
(underperforms) the benchmark at that part of the distribution. The sample period spans from July 1963 to
December 2023 and the effective in-sample window starts from k + 59 months after the starting of the sample
sample.
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Figure 4: CERs of Horizon-Specifc Portfolios over Alternative Investment Horizons
This figure shows (annualized) certainty equivalent returns (CER) from following different horizon strategies
over alternative investment horizons. For each investment horizon k (columns), entries report CERy,(wy,),
where h is the strategy horizon (rows). For example, the bottom-left entry in the in-sample panel (—1.52%)
indicates that a strategy optimized for 120-period investors attains annualized CER of —1.52% over one-period
(monthly) horizon. The diagonal values (in bold) showcase the (annualized) CER of the strategies at the
target investment horizons. The sample period spans from July 1963 to December 2023, and the in-sample
(out-of-sample) CERs are for a common period starting in June 1978 (May 1993), when the longest horizon
strategy (k = 120) first becomes available.
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Figure 5: Myopic vs. Longer-horizon Portfolios

This figure shows the in-sample properties the one-period (myopic), 60-period, and 120-period portfolios. The
reported statistics are estimated over the investment horizons and include A: (annualized) certainty-equivalent
return, B: (annualized) mean return, C: (annualized) standard deviation, D: variance ratio, E: skewness, and
F: Kurtosis. The sample period spans from July 1963 to December 2023, and the statistics are for a common
period starting in May 1978, when the in-sample portfolio of the longest horizon strategy (k = 120) first

becomes available.

56



Weight Statistic X100

Weight Statistic x100

Panel A: Sum of Negative Weights

—10 4
r\.\ I\ /\
\/ \.\f"\..\ / \ ~ .
X - —— N7
204 —_ N T,
~304
—40 4
,50 4
—-— Long Leg
604 —— Short Leg
20 40 60 80 100 120
Investment Horizon (months)
Panel C: Fraction of Negative Weights
60
50
40 A
30 A / \'\ -
A — — ——— \ \
~ ~, .7
// \ N N/ = \/.—-.V/
. v i
20 4
20 40 60 80 100 120

Investment Horizon (months)

Weight Statistic X100

Weight Statistic X100

Panel B: Minimum Weight

—1.0
—1.5
—2.0
—2.5 1
—3.0
—3.5
—4.0
T T T T T
20 40 60 80 100 120
Investment Horizon (months)
Panel D: Sum of Weights
1001 7N,
an X S
7 \.\ A ! :
80 e TN/
. - .
=N,
. — \ /
60 4 7~ —t
40 4
204
0 -
—204
T T T T T
20 40 60 80 100 120

Investment Horizon (months)

Figure 6: Long- and Short-leg Anomalies in Horizon-Specific Portfolios
This figure plots the in-sample weight statistics of long- and short-leg anomalies in optimal in-sample portfolios.
The statistics are time series averages of cross-sectional variables. The weight statistics include: A: sum of
negative weights, B: minimum weight, C: fraction of negative weights, and D: sum of weights. The sample
period spans from July 1963 to December 2023, and the weight statistics are for a common period starting in
May 1978, when the longest horizon portfolio weight (k = 120) first becomes available.
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Panel A: In-Sample
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Panel B: Out-of-Sample
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Figure 7: CERs of Horizon-specific Portfolios over Alternative Investment Horizons
(Constrained Portfolios)

This figure shows (annualized) certainty equivalent returns (CER) from following different horizon strategies
over alternative investment horizons. For each investment horizon k (columns), entries report CERy(wp,),
where h is the strategy horizon (rows). The diagonal values (in bold) showcase the (annualized) CER of the
strategies at the target investment horizons. Portfolio rules have non-negative constraint (w; ¢ > 0) and
leverage constraint (Zf;l |W; k,t] < 1). The sample period spans from July 1963 to December 2023, and the
in-sample (out-of-sample) CERs are for a common period starting in June 1978 (May 1993), when the longest
horizon strategy (k = 120) first becomes available.
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Appendix

A Portfolio Variance

The variance of the portfolio’s k-period buy-and-hold excess return is defined as:
2
Var (Rt,ﬁrk) =E |:<Rt:f+k —E [Rt,erkD } : (A-1)

The portfolio’s k-period excess return is Rfy’f k= W;R;t 4> and with the decomposition wy, =
B..0;. + u, this becomes Rte:erk = (BpOy + u)’ng’tHf = B;CB;R;H/,C + u/Rf’Hk =0, Fi 11k + u’R;Hk.

From Remark 1, the expected portfolio excess return is E [Rf v +k} = O} 15, Substituting these

into Eq. A-1:

e e 2

Var (Rtf—l—k) =E [((‘%Ft,wk +u'R{; ;) — Ohpry) }
e 12
=E [(%(Ft,tﬂc - ll‘F,k) + u/Rt,t—‘rk) }

=E [(0,(Fp ik — NF,k))2 + (U/Rf,t+k)2 +2(0,(Fyqk — NF,k))(u/Rf,Hk)]
(A-2)
= O E[(Fron — pg) Fropn — prg) 10k + ERY, un'RY ;]

(1) 2)

+ 20, E[(Fy i — mpy)RY ) Tu
(3)

Evaluating each term in Eq. A-2:

(1):

OLE(Frirk — pg) (Frovr — ppk) 10k = 0 Var(Fy14)0; = 0], A0

62



(2):

E[Rf,t+k/uu,R§,t+k] = UIE[Rf,Hka,tJrk/]U
= UE[BiFi sk + €t4k) BrFrivk + €04%) 0
= u/(BkE[Ft,HkF;,Hk]B;C +Vi)u (since E[Fe’] = E[eF’] = 0)
= (By(Ax + pppitp,) By + Vi)u
= u'By(Ag + pppipy)Bru+u'Viu

=0+uViu (since Bju=0).
(3):

200 E[(Fipir — prp)RE o Ju =200 E[(Fyin — ppg) (Fhyy 1B + €1 p)]u
=20, (E[(Foqh — ppp)Fh 1Bl + E[(Frivr — mpg)et i) u
=20, ((E[F 11 F; k) — pr i E[FL, 4]) B
+E[(Fpk — pg)(€isr — Elegqr])]) u
= 20}, (A;B). +0)u (since factors and residuals are uncorrelated)
— 20/ A;BLu

= 20,,A;(0) =0 (since Bju =0).

Combining these three terms, the portfolio variance is:
Var <R§7f+k) = OZAka + u'Vku.

B Number of Systematic Factors

To determine the number of factors for each investment horizon, I conduct a pseudo out-of-sample

analysis on k-period buy-and-hold excess returns. For each horizon, I estimate the eigenvectors using
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the first half of the sample and treat them as fixed factor loadings. I then project the second-half
returns onto these loadings to construct pseudo out-of-sample factors. For each candidate value
of J, I compute the proportion of total variance in the second-half returns that is explained by
the J factors. I then select the smallest J such that the marginal increase in explained variance is
negligible, balancing model complexity with the ability to capture systematic return variation. The
number of factors varies across investment horizons, as the structure of return comovement changes
with the length of the horizon. To provide a consistent baseline for the main analysis, I fix J = 6,
which is the most frequently identified value across the one- to 120-month horizons. This choice

simplifies comparisons across horizons while remaining representative of the data-driven estimates.

C Buy-and-Hold Portfolios

While the main analysis focuses on monthly rebalancing strategies that track the characterized
k-period optimal payoffs, this appendix examines a pure buy-and-hold implementation where
investors form portfolios at the beginning of the period and hold them for the entire k-period horizon
without any intermediate rebalancing. In this buy-and-hold design, an investor at time ¢ estimates
k-period systematic factors using available information through that date, determines the optimal
combination of these factors, forms initial portfolio weights, and then holds this portfolio from
month t to t + k, allowing the weights to drift naturally with realized asset returns.

Similar to the monthly managed approach, the buy-and-hold implementation constructs factors
that capture the systematic variation in k-period returns. However, instead of creating monthly factor-
tracking portfolios that track k-period systematic factors, the buy-and-hold approach constructs
k-period factors directly at the beginning of each holding period. At time ¢, I estimate factor
loadings Bk,t using principal component analysis on k-period returns available through that date.
These loadings are then applied to the subsequent k-period asset returns to create buy-and-hold
factor excess returns,

nbnh _ D/ e
Fiily =B R (A-3)
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where R, ., is the N x 1 vector of k-month buy-and-hold excess asset returns. The buy-and-hold

portfolio weights at the beginning of the investment period have the form

Wit =Br: 01, (A-4)
~ =
Nx1 NxJ Jx1

where 0}, represents the J x 1 coefficient of optimal factor allocations.
The k-period wealth from buy-and-hold strategy is

bk
Witk =1+ wy Ri, . + R{,tJrk
(A-5)

Sbnh
=1+ Othngk + R{,t+k‘

The utility-maximizing combination of buy-and-hold factors for investors with power utility over

the terimal wealth is given by

M-1 M-1 bnh) 1 =Y
1 bnh 1 (W)
max g 2 UMW) =max 47 ), =2 —
t=0 t=0
L Mo N (A-6)
~ -

where M represents the number of available k-month observations in the sample, and v = 5. For
out-of-sample estimation, 8y is estimated using an expanding window of available k-month wealth
observations up to each portfolio formation date, ensuring that the optimal combination parameter
reflects only information available to investors at the time of portfolio formation.

To evaluate the economic costs of horizon misalignment in the buy-and-hold setting, I examine
the performance of strategies optimized for horizon A when applied to investment periods of length
k. At time ¢, I form portfolios using optimal weights for horizon h and evaluate the buy-and-hold

performance of this portfolio over next k& months. The k-period certainty-equivalent return (CER)
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under a buy-and-hold strategy optimized for horizon h is

1

CERy,(wy,) = [(1 —E [U (1 + W) RS+ RY Hk)” g, (A-T)

where Wy, ; = Bh,téh represents the buy-and-hold portfolio weights formed at time ¢ for a strategy
optimized for horizon h.A!

Table A3 report the k-period CERs for buy-and-hold horizon-specific strategies and buy-and-hold
benchmark portfolios. Consistent with the monthly managed results, buy-and-hold horizon-specific
strategies generate substantially higher k-period CERs than the benchmark portfolios across
all investment horizons, confirming that the systematic factor approach captures economically
meaningful investment opportunities even without monthly rebalancing.

Panel A presents the in-sample results, which best reveal the underlying economic relations
by abstracting from parameter estimation uncertainty. Comparing these in-sample CERs to those
from the monthly managed approach reported in Table 1, buy-and-hold strategies exhibit generally
lower k-period CERSs, particularly over longer investment horizons. This pattern highlights the
advantages of the monthly managed implementation. The ability to continuously update factor
loadings with new information and rebalance portfolios helps maintain exposure to systematic
factors as portfolio weights naturally drift with realized returns over the holding period. Similarly,
monthly rebalancing preserves the optimal combination of factors (6j) rather than allowing it to
become distorted by realized returns. These benefits of the monthly managed approach appear
more pronounced over longer horizons, where there is more time for portfolios to drift from their
target factor exposures. Without rebalancing, the effective weights of assets with higher realized
returns increase during holding periods, resulting a drift toward past winners and deviation from
horizon-consistent allocations. Panel B presents the out-of-sample results, which show substantially

smaller differences between the two approaches, likely reflecting the challenges of real-time parameter

ALT evaluate the strategies over a common sample with starting periods similar to those described for the monthly
managed design. Additionally, since evaluating buy-and-hold portfolios over k = 120 requires 120 months return
observations, the series of buy-and-hold portfolio weights ends 120 months before the end of the sample period.
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estimation.

Table A4 reports CERk(wy) — CERg(wy) for buy-and-hold strategies, which show similar
patterns to those documented for the monthly managed implementation in Table 2. Buy-and-hold
investors still benefit from using horizon-matched strategies compared to those optimized for other
horizons. However, the benefits of long-horizon strategies compared to short-horizon strategies are
generally smaller than those observed under monthly managed implementation. This reduction
is consistent with the monthly managed approach’s superior ability to maintain distinct factor
exposures across different investment horizons. Without continuous rebalancing, portfolios optimized
for different horizons may converge toward more similar allocations over time as weights drift with

realized returns, reducing the economic gains of horizon-specific portfolios over the long-run.
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Table A1l: k-period CERs (Different Test Assets)

The table presents the k-period (annualized) certainty-equivalent returns (CERs) for horizon-specific portfolios
and benchmark strategies. The underlying assets are 510 quintile portfolios corresponding to 102 characteristic-
sorted portfolios from Chen and Zimmermann dataset. The first four columns showcase the CERs for weights
estimated using J number of factors. The columns labeled ‘EW’ and ‘LS’ invest an equal portion in all
assets and in long-minus-short legs, respectively. ‘Mkt’ reports CERs from holding the market portfolio.
The optimal policies are following Wy ; = Bk,tek (Eq. 8). For each horizon k, the target horizon loadings
(]:D»k,t) are estimated using an expanding window with an initial length of 60 k-month observations. The 6,
coefficients are solved numerically and are restricted to be between 0 and 1. The sample period spans from
July 1963 to December 2023. For each horizon k, the effective in-sample (out-of-sample) window starts from
k 4 59 months (2k 4+ 118 months) after the starting of the sample, where the first Bkﬂg (9k) becomes available.
Investors have power utility over terminal wealth with v = 5. The CERs are annualized from k-period CERs
by (1 + CERg(wy))12/F — 1.

Panel A: In-Sample

Horizon-specific Portfolios Benchmark Strategies

k J=1 J=6 J=9 J=12 EW LS Mkt

6.29 10.61 11.67 12.43 2.76  9.43 4.46
6 5.92 9.23 10.60 11.38 0.48 9.21 3.32
12 6.19 9.49 10.59 11.60 1.84 8.96 3.24
24 6.57 1046 11.16 11.62 2.99 8.42 3.41
36 7.39 9.79 10.29 11.32 5.73 7.93 4.52
60 8.87 11.68 12.25 1244  9.02 6.90 6.99
96 10.60 12.70 14.39 15.20 10.27 5.82 6.93
120 1090 1293 13.68 13.70 10.36 5.35 5.79

Panel B: Out-of-Sample

Horizon-specific Portfolios Benchmark Strategies

k J=1 J=6 J=9 J=12 EW LS Mkt

1 6.02 10.09 11.12 11.80 4.38 9.17 5.19
6 9.93 8.37 9.82 10.50  3.26 8.88 5.24
12 5.77 8.78 9.88 10.91  4.17 8.61 4.90
24 6.00 7.73 8.14 8.47 496 7.95 4.79
36 6.57 7.29 7.72 8.16 7.06 7.26 5.15
60 6.44 7.84 8.46 7.86 7.87 5.89 6.11
96 9.82 11.16 12.96 13.77 9.46 4.63 5.75
120 9.82 11.66 12.00 10.76 9.30 4.00 4.42
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Table A2: CER Gains of Following Horizon-Specific Portfolio Rules (Different Test
Assets)

The table shows differences in (annualized) certainty equivalent returns (ACERs) between horizon-matched
and mismatched portfolio rules. The underlying assets are 510 quintile portfolios corresponding to 102
characteristic-sorted portfolios from Chen and Zimmermann dataset. For each investment horizon & (columns),
entries report CERy(wy) — CERy(wy,), where h is the strategy horizon (rows). Managed strategies are
constructed using six factor-tracking portfolios (i.e., J = 6). The sample period spans from July 1963 to
December 2023, and the in-sample (out-of-sample) CERs are for a common period starting in June 1978
(May 1993), when the longest horizon strategy (k = 120) first becomes available. Investors have power utility
over k-period wealth with v = 5.

Panel A: In-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

-0.93  -0.63 0.66 -0.07  1.09 2.20 2.54

6 1.13 0.32 1.54 0.90 2.13 3.24 3.56
12 0.91 -0.30 1.24 0.53 1.75 2.84 3.27
24 -0.29 -1.57 -1.24 -0.62 0.74 1.81 2.05
36 0.54 -0.25  0.07 1.17 0.99 1.77 2.03
60 0.86 0.82 0.45 1.67 -0.34 -0.19  -0.21
96 3.52 5.81 5.47 6.52 2.63 1.10 0.08
120 3.90 5.31 5.04 5.93 2.22 0.91 0.16

Panel B: Out-of-Sample

Strategy Investment Horizon

Horizon 1 6 12 24 36 60 96 120
1 -0.84 -0.12 -2.15 -243 -0.86 2.82 3.77
6 1.03 0.72 -1.33 -1.37  0.34 4.14 5.12
12 -0.13  -0.83 -1.71 -1.86 -0.39 3.04 3.99
24 -046 -0.13  1.18 -0.38  0.54 3.42 4.06
36 1.74 1.95 2.95 0.96 0.61 3.50 4.25
60 0.85 2.82 3.56 2.55 0.41 1.70 2.17
96 3.45 9.47 9.64 6.89 2.20 -0.45 0.51
120 2.86 5.08 5.25 2.50 -1.11 -2.03  -0.50
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Table A3: k-period CERs (Buy-and-Hold Portfolios)

The table presents the k-period (annualized) certainty-equivalent returns (CERs) for buy-and-hold horizon-
specific portfolios and benchmark strategies. The underlying assets are 230 extreme decile portfolios from
Chen and Zimmermann dataset. Investors have power utility over terminal wealth with v = 5. The CERs
are annualized from k-period CERs by (1 + CERy(wy))'?/% — 1.

Panel A: In-Sample

Horizon-specific Portfolios Benchmark Strategies

k J=1 J=6 J=9 J=12 EW LS Mkt

5.48 11.57 13.78 1547 -0.76 11.58  4.46
6 5.41 11.58 13.18 1494 -3.04 5.46 3.53
12 5.58  10.38 12.056 13.34 -1.01 4.73 3.74
24 5.95 10.04 11.24 1224 1.70 4.22 4.36
36 6.71 1037 1199 13.36 5.08 3.96 5.45
60 744 1129 1212 12.87 724 3.54 7.09
96 9.41 1213 1228 13.10 8.29 297 6.98
120 9.95 13.83 14.12 1447 832 2.67 6.22

Panel B: Out-of-Sample

Horizon-specific Portfolios Benchmark Strategies

k J=1 J=6 J=9 J=12 EW LS Mkt

5.15 11.10 1320 14.82 094 11.37 5.19
6 5.03 1092 1247 14.16 -041 5.26 5.35
12 5.16 9.21 10.62 11.73 090 4.52 5.15
24 5.48 9.06 10.20 1137 273 3.96 5.32
36 5.59 8.28 9.00 11.01 556 3.46 5.8
60 4.31 8.24 8.91 8.97 6.16 2.72 6.30
96 8.55 9.09 8.01 8.40 7.54  2.00 5.94
120 8.27v 1095 11.34 1055 732 1.61 4.96
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Table A4: CER Gains of Following Horizon-Specific Portfolio Rules (Buy-and-Hold
Portfolios)

The table shows differences in (annualized) certainty equivalent returns (ACERs) between horizon-matched and
mismatched portfolio rules. For each investment horizon & (columns), entries report CERy (wy,) — CERg(wp),
where h is the strategy horizon (rows). Buy-and-hold strategies are constructed using six factors (i.e., J = 6).
Investors have power utility over k-period wealth with v = 5.

Panel A: In-Sample

Strategy Investment Horizon

Horizon 1 6 12 24 36 60 96 120
1 -0.11  -0.64 -0.14 -0.70  0.96 1.48 2.66
6 0.38 -0.34  0.37 -0.32 1.22 1.24 2.59
12 1.81 0.92 0.56 0.24 1.95 2.04 3.19
24 0.81 0.17 -0.40 -0.37  1.38 2.39 3.26
36 1.67 1.36 0.91 0.90 1.35 1.73 2.30
60 3.91 3.27 1.42 0.31 -1.28 -0.35  0.16
96 7.14 15.90 14.27 7.30 2.33 0.74 1.69
120 16.50 112.88 104.21 96.57 65.23 9.39 -1.16

Panel B: Out-of-Sample

Strategy Investment Horizon

Horizon 1 6 12 24 36 60 96 120

1 -1.26  -1.53 -1.08 -2.83 0.92 1.79 2.12
6 1.60 -0.19  0.52 -1.53 1.70 2.00 2.92
12 2.08 0.18 0.59 -1.18  1.83 2.94 3.57
24 1.29 0.25 -0.03 -1.86 1.36 2.35 2.59
36 1.50 -0.04 -043 4.36 1.36 0.88 0.99
60 1.28 1.13 0.06 -0.74  -3.59 -0.00  -0.28
96 1.89 4.40 2.24 -0.07  -3.69  2.99 -0.27
120 15.48 77.41 59.65 82.99 29.98 6.69 -0.80
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Table A5: CER Gains of Following Horizon-Specific Portfolio Rules (Different Number
of Factors)

The table shows differences in (annualized) certainty equivalent returns (ACERs) between horizon-matched and
mismatched portfolio rules. For each investment horizon & (columns), entries report CERy(wy) — CERg(wp),
where h is the strategy horizon (rows). The sample period spans from July 1963 to December 2022, and
the in-sample (out-of-sample) CERs are for a common period starting in June 1978 (June 1993), when the
longest horizon strategy (k = 120) first becomes available.

Panel A: J =1

In-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

-0.01  0.05 0.26 0.90 1.59 4.38 5.29
6 0.06 0.09 0.37 1.10 1.81 4.65 5.57
12 -0.06  -0.07 0.21 0.85 1.55 4.35 5.26
24 -0.19 -0.09 -0.08 0.45 1.13 3.83 4.72
36 -0.08  0.28 0.17 -0.03 0.57 3.00 3.84
60 0.98 2.03 1.60 0.89 -0.13 1.71 2.43
96 4.32 6.98 5.87 4.73 1.46 0.09 0.53
120 3.78 6.49 5.50 4.51 1.05 -0.29  -0.57

Out-of-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

-0.09 -0.06 -0.05 0.55 -0.45  4.65 5.46

6 0.13 0.04 0.14 0.86 -0.13  5.03 5.87
12 0.01 -0.02 0.00 0.57 -0.42  4.68 5.51
24 -0.04  0.13 0.13 0.33 -0.70  4.29 5.11
36 -0.02 0.34 0.32 0.02 -1.10  3.73 4.53
60 2.48 5.26 4.99 4.39 2.52 3.49 4.23
96 4.08 7.7 6.93 5.58 1.53 -1.95 0.49
120 3.73 7.41 6.70 5.48 1.21 -2.24  -0.51
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Table A5: (continued)

Panel B: J =9

In-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

-0.08 -0.19 -0.19 0.99 3.64 2.75 7.48
6 0.59 -0.32  -0.21  1.22 3.60 2.82 7.58
12 1.20 0.47 -0.18 1.04 3.19 2.26 7.00
24 0.45 0.05 -0.16 1.56 4.07 3.25 7.96
36 0.55 -0.00  -0.60 -1.09 2.46 1.98 6.76
60 0.65 0.31 -0.89 -1.77  -1.62 -2.00 2.80
96 5.10 5.98 4.73 2.44 1.38 2.77 3.98
120 15.04 13.26 12.43 11.24 5.07 2.26 -3.85

Out-of-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120
1 -0.45 -0.28 -2.84 -0.23 1.37 0.25 5.82
6 0.93 -0.12  -2.45 0.45 1.62 0.48 6.03
12 1.19 0.12 -2.54 0.43 1.91 1.13 6.76
24 0.91 0.90 1.46 2.80 3.46 1.69 7.24
36 2.63 1.39 0.83 -2.49 1.33 0.68 6.34
60 1.25 0.45 -0.08 -3.20 -1.17 -1.83  3.88
96 6.05 5.48 4.21 -0.76  0.13 1.17 5.59
120 24.36  17.00 1542 10.33 4.57 0.59 -5.19
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Table A5: (continued)

Panel C: J =12

In-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

0.34 -0.04  0.25 2.00 3.32 3.54 7.26
6 0.26 -0.75  -0.43  1.53 2.64 3.37 7.15
12 1.30 0.94 0.06 1.87 2.67 3.17 6.92
24 0.57 0.47 -0.26 2.07 3.27 3.77 7.48
36 -0.31 -0.61 -1.59  -1.72 1.34 2.23 6.01
60 1.36 1.32 -0.22  -0.83 -0.22 -0.83 2.99
96 5.65 6.36 5.34 3.67 2.43 2.21 3.00
120 1732  14.73 1278 11.09 5.34 1.54 -2.58

Out-of-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120
1 -0.05 -0.34 -1.15 0.37 -0.41 0.34 4.06
6 0.68 -0.72  -1.44 0.31 -0.82 0.31 4.04
12 1.45 0.70 -0.78  1.09 0.14 1.50 5.30
24 0.60 0.51 0.25 1.80 0.42 1.04 4.80
36 2.12 1.20 0.13 -1.44 -0.98  0.46 4.32
60 0.93 0.76 0.50 0.36 1.37 0.02 3.68
96 6.71 5.12 3.67 0.60 0.14 -0.63 3.64
120 3744 18.85 16.91 13.59 5.83 1.21 -2.66
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Table A6: CER gains of following horizon-specific portfolio rules (Constrained Portfo-
lios)

The table shows (annualized) differences in certainty equivalent returns (ACERs) between horizon-matched and
mismatched portfolio rules. For each investment horizon & (columns), entries report CERy (wy,) — CERg(wp,),
where h is the strategy horizon (rows). Portfolio rules have non-negative constraint (w; ,; > 0) and leverage
constraint (ZZVZI |t; k1| <1). The sample period spans from July 1963 to December 2022, and the in-sample
(out-of-sample) CERs are for a common period starting in June 1978 (June 1993), when the longest horizon
strategy (k = 120) first becomes available.

Panel A: J =1

In-Sample
Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

-0.01 0.0 0.26 0.90 1.59 4.38 5.29

6 0.06 0.09 0.37 1.10 1.81 4.65 5.57
12 -0.06  -0.07 0.21 0.85 1.55 4.35 5.26
24 -0.19  -0.09 -0.08 0.45 1.13 3.83 4.71
36 -0.08  0.28 0.17 -0.03 0.57 3.00 3.83
60 0.98 2.03 1.60 0.89 -0.13 1.71 2.43
96 4.32 6.98 5.87 4.73 1.46 0.09 0.53
120 3.78 6.49 5.51 4.51 1.05 -0.29  -0.56

Out-of-Sample

Strategy Investment Horizon

Horizon 1 6 12 24 36 60 96 120
1 -0.09 -0.06 -0.05 0.55 -0.45  4.65 5.46
6 0.13 0.04 0.14 0.86 -0.13  5.03 5.87
12 0.01 -0.02 0.00 0.57 -0.42  4.68 5.51
24 -0.04 0.13 0.13 0.33 -0.70  4.29 5.10
36 -0.02  0.34 0.32 0.02 -1.10  3.73 4.52
60 2.48 5.26 4.99 4.39 2.52 3.49 4.23
96 4.08 7.7 6.93 5.58 1.53 -1.95 0.49
120 3.73 7.42 6.70 5.48 1.22 -2.24  -0.51
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Table A6: (continued)

Panel B: J =9

In-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

-0.14 -0.26 0.04 1.11 2.84 4.10 4.70
6 0.33 -0.10  0.27 1.49 3.15 4.43 4.98
12 0.42 0.14 0.33 1.47 3.14 4.43 5.00
24 0.03 -0.07  -0.21 0.90 2.53 3.61 4.14
36 0.47 0.63 0.13 -0.24 1.59 2.65 3.20
60 0.92 1.30 0.39 -0.48  -1.09 -0.01  0.41
96 2.53 4.43 3.60 2.74 0.95 0.88 0.23
120 2.64 4.27 3.33 2.45 0.61 0.84 -0.19

Out-of-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120
1 -0.55  -0.81 -2.43 0.34 -0.60 3.14 4.53
6 0.76 -0.19  -1.60 1.45 0.54 4.36 5.80
12 0.79 0.20 -1.45 1.41 0.46 4.19 5.63
24 0.75 1.34 1.28 2.17 0.66 3.89 5.29
36 0.67 0.31 0.02 -2.00 -1.00  2.71 4.10
60 2.22 4.47 4.21 2.45 2.70 1.79 3.11
96 2.78 5.42 5.36 3.26 2.29 -1.16 1.05
120 2.16 4.62 3.87 1.27 0.39 -2.54  -1.05
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Table A6: (continued)

Panel C: J =12

In-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120

-0.14 -0.26 0.04 1.11 2.84 3.98 4.70
6 0.33 -0.10  0.27 1.49 3.15 4.32 4.98
12 0.42 0.14 0.33 1.47 3.14 4.31 5.00
24 0.03 -0.07  -0.21 0.90 2.53 3.49 4.14
36 0.46 0.63 0.13 -0.24 1.59 2.53 3.20
60 0.92 1.30 0.39 -0.48  -1.09 -0.12  0.41
96 2.87 4.57 3.54 2.50 0.97 0.98 0.38
120 2.64 4.27 3.33 2.45 0.61 0.84 -0.31

Out-of-Sample

Strategy Investment Horizon
Horizon 1 6 12 24 36 60 96 120
1 -0.56  -0.81 -2.43 0.25 -0.60 3.49 4.31
6 0.77 -0.19 -1.60 1.37 0.54 4.72 5.58
12 0.79 0.20 -1.45 1.32 0.46 4.55 5.41
24 0.75 1.34 1.28 2.08 0.66 4.24 5.07
36 0.83 0.45 0.15 -1.91 -0.94  3.10 3.91
60 2.22 4.47 4.21 2.45 2.61 2.14 2.89
96 2.99 5.86 5.22 2.80 1.80 -1.51 0.52
120 2.32 4.76 4.01 1.46 0.51 -2.33  -0.50
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Table AT7: Statistical Properties of Strategies Across Different Investment Horizons:
Constrained Portfolios (In-Sample)

This table shows the statistical properties of various strategies’ returns across different investment horizons.
Portfolio rules have non-negative constraint (w; ,, > 0) and leverage constraint (qu\;1 |t k] < 1). The
strategies include the horizon-specific portfolios and two respective benchmarks. The reported statistics
are estimated over the investment horizons (columns) and include (annualized) mean return, (annualized)
standard deviation, variance ratio, skewness, and kurtosis. The sample period spans from July 1963 to
December 2022, and the statistics are for a common period starting in June 1978, when the in-sample portfolio
of the longest horizon strategy (k = 120) first becomes available.

Investment Horizon

Strategies 1 6 12 24 36 60 96 120

Panel A: Mean

1-month 8.76 879 8.86 8.78 8.74 8.60 8.38 8.37
6-month 7.86 7.86 7.90 7.82 7.79 7.62 7.43 7.44
12-month 8.01 8.02 8.06 7.99 7.95 7.81 7.65 7.65
24-month 9.02 9.06 9.12 9.04 8.99 8.84 8.59 8.54
36-month 1146 11.61 11.68 11.41 11.30 11.15 10.84 10.84
60-month 1548 15.73 15.84 1523 14.88 14.55 14.03 14.01
96-month  16.12 16.46 16.54 15.77 1526 14.88 14.23 14.20
120-month 16.09 16.48 16.64 1591 1539 15.01 14.35 14.34
EW 13.11 13.85 1391 1331 13.23 1347 1148 10.74
LS 16.91 17v.77 1790 1737 1734 17.68 1587 15.15

Panel B: Standard Deviation

1-month 8.22 980 10.50 10.26 1045 13.88 17.15 19.72
6-month 6.90 8.07 8.65 8.52 8.61 1099 13.00 14.96
12-month 7.50 876 9.23 8.93 8.86 1148 14.10 16.25
24-month 8.88 10.45 11.06 10.52 10.25 13.34 1588 17.65
36-month  13.29 15.68 16.53 15.31 14.95 19.43 2392 28.04
60-month  18.06 21.64 23.64 21.61 20.25 26.72 34.19 42.96
96-month  19.75 23.80 25.84 23.73 22.05 29.26 34.72 42.79
120-month  20.33 24.41 26.82 24.72 23.24 30.78 37.16 46.47
EW 2091 24.69 26.27 2347 2255 31.89 29.14 26.42
LS 20.29 24.89 27.14 25.17 25,51 38.97 45.51 50.59
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Table A7: (continued)

Investment Horizon

Strategies 1 6 12 24 36 60 96 120

Panel C: Variance Ratio

1-month 1.00 131 1.36 1.16 098 1.20 1.18 1.21
6-month 1.00 1.27 1.33 1.15 097 1.16 1.13 1.17
12-month 1.00 1.27 1.29 1.09 089 1.09 1.10 1.15
24-month 1.00 128 130 1.06 0.82 096 0.85 0.81
36-month 1.00 1.23 1.18 0.89 0.66 0.73 0.65 0.64
60-month 1.00 1.19 1.16 0.83 0.57 0.57 043 0.41
96-month 1.00 122 117 085 057 055 0.36 0.33
120-month 1.00 1.22 1.19 0.88 0.58 0.57 0.39 0.36
EW 1.00 1.20 1.13 0.81 0.57 0.60 0.31 0.21
LS 1.00 1.25 1.19 0.89 0.66 0.73 048 0.39

Panel D: Skewness

1-month -0.51 0.21 047 -0.00 0.38 0.67 0.55 0.25
6-month -0.39 0.20 043 0.10 0.1 071 035 0.14
12-month -0.33 020 0.37 -0.09 0.21 046 032 0.09
24-month -0.23 0.25 046 -0.10 0.18 0.50 0.55 0.20
36-month -0.48  0.40 0.72 0.18 0.46 053 034 0.12
60-month -0.26 0.68 1.13 043 040 0.51 0.58 0.67
96-month -0.47 0.61 1.01 0.46 041 0.66 0.57 0.64
120-month  -0.25 0.64 1.06 0.41 0.52 0.68 0.62 0.71
EW -0.40 0.59 099 046 0.52 1.04 092 0.62
LS -0.37 066 1.06 034 037 0.7 0.60 0.57

Panel E: Kurtosis

1-month 5.33 421 4.06 289 332 346 297 211
6-month 0.06 4.02 3.72 285 348 373 239 181
12-month 5.38 4.04 3.73 2.81 3.00 3.03 242 1.82
24-month 5.64 458 431 3.10 323 3.12 315 224
36-month 5.81 3.84 4.26 2.73 3.16 290 247 2.10
60-month 091 4.28 5.49 298 3.056 2.67 252 3.10
96-month 5.44 4.74 5.34 3.66 3.46 3.32 2.52 3.03
120-month 5.75  4.53 5.43 3.20 3.64 328 263 3.33
EW 5.46 4.71 5.31 3.67 3.2 417 335 3.46
LS 2.57 4.71 5.43 3.24 3.00 348 255 2.89
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Table A8: Statistical Properties of Strategies Across Different Investment Horizons:
Constrained Portfolios (Out-of-Sample)

This table shows the statistical properties of various strategies’ returns across different investment horizons.
Portfolio rules have non-negative constraint (w; ,, > 0) and leverage constraint (qu\;1 |t k] < 1). The
strategies include the horizon-specific portfolios and two respective benchmarks. The reported statistics
are estimated over the investment horizons (columns) and include (annualized) mean return, (annualized)
standard deviation, variance ratio, skewness, and kurtosis. The sample period spans from July 1963 to
December 2022, and the statistics are for a common period starting in June 1993, when the in-sample portfolio
of the longest horizon strategy (k = 120) first becomes available.

Investment Horizon

Strategies 1 6 12 24 36 60 96 120

Panel A: Mean

1-month 6.60 6.56 6.59 6.64 6.65 6.35 6.07 6.10
6-month 5.21 5.15 5.16 5.17 5.20 4.85 4.56 4.59
12-month 5.64 560 5.63 2.67 5.68 5.31 4.98 5.04
24-month 739 746 753 7.60 7.64 7.24 6.80 6.82
36-month 7.61 7.62 7.75 7.75  7.80 7.48 7.22 7.32
60-month 1290 13.07 13.29 13.10 12.80 11.87 1094 11.03
96-month  13.47 13.75 1391 13.53 13.02 12.10 11.16 11.29
120-month 13.88 14.18 14.44 14.15 13.58 12.74 11.84 12.00
EW 1155 1191 1229 11.76 11.70 11.18 10.33 9.33
LS 14.89 1542 1588 1548 1552 15.15 1444 12.94

Panel B: Standard Deviation

1-month 8.24 9.66 10.33 9.61 8.52 9.98 10.85 13.04
6-month 6.71 7.71 8.35 7.95 7.38 7.97 7.79 9.58
12-month 7.86 9.17 9.83 9.44 8.81 9.69 9.72 12.11
24-month  11.00 12.86 13.86 13.79 13.64 16.01 1840 22.88
36-month  11.43 13.24 1445 13.30 11.56 13.29 15.19 18.13
60-month  18.32 21.69 24.71 23.54 22.00 26.12 30.49 42.82
96-month  20.37 24.46 27.35 25.65 2243 26.73 27.88 37.76
120-month  20.70 24.75 27.72 26.10 21.95 27.17 2830 38.24
EW 21.33 2476 2711 2429 2096 23.83 23.86 22.26
LS 20.60 24.92 2798 25.93 24.03 30.72 41.09 44.39
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Table A8: (continued)

Investment Horizon

Strategies 1 6 12 24 36 60 96 120

Panel C: Variance Ratio

1-month 1.00 1.30 1.36 1.11  0.76 0.80 0.64 0.68
6-month 1.00 1.27 1.39 1.19 091 0.89 0.65 0.77
12-month 1.00 131 1.40 1.22 092 090 0.67 0.79
24-month 1.00 137 145 1.34 1.11 1.11 0.90 0.97
36-month 1.00 124 131 1.02 0.65 0.65 0.56 0.60
60-month 1.00 124 1.31 1.09 078 0.73 0.51 0.56
96-month 1.00 1.27 1.31 1.04 068 059 0.34 0.35
120-month 1.00 1.24 1.27 1.01 059 0.53 0.30 0.31
EW 1.00 1.20 1.20 0.88 0.5 0.45 0.25 0.18
LS 1.00 125 127 097 0.65 061 046 0.35

Panel D: Skewness

1-month -0.23 021 049 -0.11 -0.05 0.25 0.55 0.84
6-month -0.04 0.11 047 -0.01 0.16 0.17 0.36 0.76
12-month 0.08 0.14 0.41 -0.06 0.22 031 0.51 0.89
24-month -0.63 -0.41 0.06 -0.28 -0.10 0.11 0.8 0.93
36-month -0.11 046 0.88 033 0.45 038 044 048
60-month -0.06 059 1.18 044 027 0.26 0.55 1.10
96-month -0.20 063 1.09 051 023 045 0.50 1.00
120-month  -0.11 0.78 1.17 0.5 0.22 0.62 049 0.94
EW -0.16 0.70 1.10 0.63 041 0.56 0.58 0.49
LS -0.14 0.78 117 050 030 0.30 0.50 1.01

Panel E: Kurtosis

1-month 4.44 4.73 4.16 2.72 259 2.01 178 247
6-month 0.60 4.77 4.44 291 257 184 180 251
12-month 6.02 4.75 4.20 284 268 194 183 2.63
24-month 6.37 6.22 490 3.56 323 1.84 193 252
36-month 458 459 5.07 316 3.12 207 1.82 2.02
60-month 0.46 496 5.98 3.20 286 2.04 2.00 3.09
96-month 4.78 519 5.62 3.64 316 272 1.93 298
120-month  4.95 5.79 6.18 3.87 298 3.15 1.88 2.86
EW 4.85 5.63 576 428 369 334 249 235
LS 4.89 5.64 5.86 3.77 325 246 2.00 293
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Panel A: Certainty-equivalent Return Panel B: Mean Return
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Figure A1l: Horizon-specific vs. Benchmark Portfolios (Out-of-sample)

This figure shows the out-of-sample properties of the horizon-specific portfolios (HSP) and the two benchmark
portfolios across different investment horizons. The reported statistics are estimated over the investment
horizons and include A:(annualized) certainty-equivalent return, B: (annualized) mean return, C: (annualized)
standard deviation, D: variance ratio, E: skewness, and F: Kurtosis. The sample period spans from July 1963
to December 2023 and the effective out-of-sample window starts from 2k 4+ 118 months after the starting of

the sample sample.
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Panel A: k£ =60
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Figure A2: Q-Q Plots of Long-run Payoffs: HSP vs. Benchmarks (Out-of-Sample)

This figure presents Q-Q plots comparing the empirical distributions of out-of-sample 60-period payoffs (Panel
A) and 120-period payoffs (Panel B). In each subplot, the x-axis shows the sorted k-period payoffs from
horizon-specific portfolio (HSP), and the y-axis shows the sorted k-period benchmark payoffs. Each point
represents a matched order statistic—i.e., the i-th smallest HSP payoff against the i-th smallest benchmark
payoff. Each plot is based on 429 observations for k = 60 and 249 observations for kK = 120. The 45-degree
reference line indicates equality in distributions. Points below (above) the line suggest HSP outperforms
(underperforms) the benchmark at that part of the distribution. The sample period spans from July 1963 to
December 2023 and the effective out-of-sample window starts from 2k 4 118 months after the starting of the
sample sample.

83



Panel A: Certainty-equivalent Return Panel B: Mean Return
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Figure A3: Myopic vs. Longer-horizon Portfolios (Out-of-Sample)

This figure shows the out-of-sample properties the one-period (myopic), 60-period, and 120-period portfolios.
The reported statistics are estimated over the investment horizons and include A:(annualized) certainty-
equivalent return, B: (annualized) mean return, C: (annualized) standard deviation, D: variance ratio, E:
skewness, and F: Kurtosis. The sample period spans from July 1963 to December 2023, and the statistics
are for a common period starting in June 1978, when the in-sample portfolio of the longest horizon strategy

(k = 120) first becomes available.
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Panel A: Sum of Negative Weights
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Panel D: Sum of Weights
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Figure A4: Long- and Short-leg Anomalies in Horizon-Specific Portfolios (Out-of-

Sample

This figure plots the out-of-sample weight statistics of long- and short-leg anomalies in optimal in-sample
portfolios. The statistics are time series averages of cross-sectional variables. The weight statistics include: A:
sum of negative weights, B: minimum weight, C: fraction of negative weights, and D: sum of weights. The
sample period spans from July 1963 to December 2023, and the weight statistics are for a common period

starting in May 1978, when the longest horizon portfolio weight (k = 120) first becomes available.
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