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Abstract

We propose an economically guided factor framework that combines the strengths
of latent and observable factor models in asset pricing. By imposing economic ob-
jectives (including constraints) as well as sparsity on PCA, we construct a small set
of factors that capture return comovements, while being economically interpretable
and close to the efficient frontier. These factors entail only a few characteristics each
and correspond to broad concepts of market, momentum, liquidity-profitability, etc.,
and jointly outperform traditional latent and observable factor models (e.g., PCA-
based and Fama-French factor models) in pricing the cross-sectional returns and
investment outcomes (e.g., Sharpe ratio) in U.S. equity test samples. Our frame-
work nests model-based methods such as Risk-Premium-PCA, reduces overfitting
in both factor construction and risk premium estimation, and offers a unified and
economically meaningful representation of stochastic discount factors.
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1 Introduction

Empirical asset pricing has historically oscillated between latent and observable repre-
sentations of systematic risks. Ross (1976)’s Arbitrage Pricing Theory (APT) formalizes
that a set of risk factors govern return comovements and explain the cross-section of
expected returns. Early empirical implementations (e.g., Connor and Korajczyk, 1986,
1988) naturally use PCAs on individual stock returns to extract a small number of latent
statistical factors, but with little economic interpretation. Partly in reaction to this lim-
itation, the literature subsequently embraced observable factors constructed from firm
characteristics and portfolio sorts—most prominently the size, value, momentum, prof-
itability, and investment factors (Fama and French, 1993, 2015; Carhart, 1997). These
characteristic-sorted factors are tradable, economically interpretable, and effective in
explaining the cross-section of expected returns, rendering them workhorses for empir-
ical tests and for the “risk-versus-mispricing” debate. Yet their proliferation (“factor
zoo”) revealed two limitations of the observable factor approach: high dimensionality
makes it difficult to isolate priced sources of risk, and ad hoc sorts often lie far from the
mean-variance efficient frontier.

Advances in computation and high-dimensional statistics have recently drawn the
field back toward latent representations. Methods such as instrumented PCA (IPCA,
Kelly et al., 2019), risk-premium PCA (RP-PCA, Lettau and Pelger, 2020b), SDF-first
approach (Kozak et al., 2020), and regressed-PCA (Chen et al., 2021) recover latent
factors that combine information from many characteristics and outperform traditional
sorts in spanning the return space. Nevertheless, the estimated factors are dense lin-
ear combinations of characteristic-sorted or managed portfolios, resurrecting the old
interpretability problem. Furthermore, these factors often embed offsetting positions
that neutralize each other’s premia, sometimes producing “unpriced” factors out-of-
sample. Recent studies therefore also apply machine learning to conduct systematic,
data-driven, and non-linear security sorting based on observable characteristics, while
preserving sparsity and interpretability (Cong et al., 2025).

To reconcile these two traditions, we introduce sparsity into the PCA factor con-
struction and guiding it with economic constraints and objectives. Our framework
allows us to obtain economically guided sparse (EGS) factors that (i) remain latent
in the sense that they are linear combinations of a few selected basis portfolios, yet
(ii) are as interpretable and parsimonious as the classic observable factors. Empiri-
cally, the first sparse factor from a set of characteristic-managed portfolios collapses
to the equal-weighted market portfolio, while the remaining factors line up with mo-
mentum, liquidity-profitability, short-term reversal/dividend omission, value, and R&D
themes. These factors lie markedly closer to the efficient frontier compared to both
latent-factor methods (e.g., PCA and IPCA) and leading observable-factor models (e.g.,
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Fama-French and Hou-Xue-Zhang factors), deliver higher in- and out-of-sample Sharpe
ratios, and explain a substantially larger share of testing assets—with far less character-
istic redundancy—which advances the ultimate goal of constructing a low-dimensional,
economically meaningful stochastic discount factor representation.

Classical latent-factor estimators such as PCA are designed to maximize the share
of covariance they explain, not the expected-return dimension that directly matters for
asset pricing. The former is a statistical procedure well-motivated by theories such as
APT and CAPM, but is not the ultimate economic objective. As Lettau and Pelger
(2020a,b) show, the leading PCA eigenvectors mostly pick up “strong” sources of return
comovement; weaker directions that may carry high risk premia are relegated to later
components or obscured by noise, so the resulting factors have low Sharpe ratios even
when they account for most time-series covariance. Because the optimization ignores
factor risk premia, it is free to load on any returns that co-move, including transitory
or unpriced shocks. The estimated factor portfolios therefore capture time-series co-
movement—they soak up volatility—but may transmit limited information about the
stochastic discount factor that prices assets.

Dense, variance-optimal factors are also statistically fragile. In typical panels (hun-
dreds of assets, a few decades of data) the ratio N/T is large, so sample eigenvectors
inherit substantial estimation error; random-matrix theory predicts that many of their
entries are dominated by noise (Johnstone and Lu, 2009). When those noisy loadings are
carried forward into second-pass regressions, they amplify small-sample bias and pro-
duce unstable risk-premium estimates—a textbook form of out-of-sample overfitting.
Shrinkage techniques confirm the point: Kozak et al. (2020) obtain markedly lower pric-
ing errors once they shrink the dense PCA factors toward a sparser prior, implying that
many original loadings were pure estimation noise.

Imposing economically guided sparsity tackles both shortcomings at once. For ex-
ample, an ℓ1-type penalty trims away exposures that (i) are weakly motivated by theory
and (ii) contribute little to cross-sectional pricing, leaving a compact set of economically
interpretable portfolios. By concentrating estimation effort on those few, high-signal co-
ordinates, the procedure lowers variance, mitigates eigenvector instability, and elevates
weak-but-priced directions that PCA overlooks—an effect also documented for “sparse
proximate factors” in Pelger and Xiong (2022) and Fan et al. (2022). The upshot is a
factor model that still captures common variation (because the retained loadings span
return space) yet delivers sharper, more robust SDF estimates and superior out-of-
sample mean-variance performance. In short, latent methods without structure tend
to “explain comovement”; adding economically grounded sparsity turns that movement
into “priced risk.”

Our sparsity emphasizes economic discipline over mere statistical frugality. We de-
termine the optimal level of sparsity through an economically guided selection. In the
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baseline setting, this constrains factor construction to long positions in characteristic-
managed portfolios with positive expected returns and short positions in those with
negative expected returns. Such a design ensures that each position contributes posi-
tively to the overall factor risk premium, thereby pushing the resulting factors toward
the mean-variance efficient frontier. Interestingly, this selection echoes the spirit of Fama
and French (1993), who assign positive (negative) weights to sorted portfolios with high
(low) expected returns. Both approaches leverage the monotonicity of characteristics’
predictive power for returns. It also aligns with recent findings by Lettau and Pelger
(2020b) and Bryzgalova et al. (2023) that embedding risk premia or other economic
targets into the PCA criterion tends to produce factors that place positive (negative)
weights on sorted portfolios with high (low) expected returns.1 In contrast, alternative
sparse latent factor approaches, such as those of Kozak et al. (2020), Pelger and Xiong
(2022), and Fan et al. (2022), primarily utilize statistical frugality. More generally, the
EGS framework optimizes given economic objectives (e.g., asset pricing performance),
while maintaining economic interpretation (by requiring sparsity on both the number of
factors and the number of observable characteristics in each factor) and preserving the
conventional (and effective) statistical approach in latent factor construction.

Empirical analysis further confirms that our economically guided sparsity enhances
the mean-variance efficiency of factors and strengthens their cross-sectional explanatory
power. For any given number of factors, the EGS factors consistently outperform PCA,
IPCA, and observable factors in terms of mean-variance efficiency. For instance, the first
six EGS factors achieve an out-of-sample Sharpe ratio of 2.04, significantly higher than
the 0.97 for PCA factors, 1.57 for IPCA factors, and 0.95 for the Fama-French six-factor
model. In addition, EGS factors exhibit stronger explanatory power for test assets than
other latent and observable factors. When explaining our 53 characteristic-managed
portfolios, the first six EGS factors reduce the out-of-sample root-mean-squared (RMS)
alpha to 0.48%, lower than the 0.58% for PCA, 0.54% for IPCA, and 0.61% for the Fama-
French six-factor model. PCA and IPCA factors show poor out-of-sample explanatory
power for Fama and French (2018) 100 portfolios and Kozak et al. (2018) 110 portfolios.
Specifically, the first six PCA factors explain these two sets of test assets with RMS
alphas of 0.76% and 0.68%, respectively, and the first six IPCA factors yield RMS
alphas of 0.57% and 0.55%, both substantially higher than the 0.34% and 0.35% for the
Fama-French six-factor model. However, our EGS factors avoid this issue: the first six
reduce the RMS alpha for these two sets of test assets to 0.23% and 0.31%, respectively.

Our paper contributes to three strands literature. First, our methodology delivers
a unifying lens on latent and observable factors. These two classes of factors can be
viewed as nested limiting cases of our sparse factors, corresponding to extreme values

1Different from their reliance on the relative magnitudes of expected returns, our economically guided
selection leverages the sign of expected returns, because characteristic-managed portfolios are zero-cost
whereas sorted portfolios are not.
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of the sparsity hyperparameter. Specifically, both classes can be expressed as linear
combinations of basis portfolios. In the sparsest limit, the factors are constructed from
only one characteristic-managed portfolio, falling into the category of observable factors
(Fama and French (2020)’s cross-sectional factors). In the densest limit, the factors lose
sparsity and revert to PCA factors. We show that an intermediate level of sparsity,
guided by economic content, achieves the best trade-off—yielding factors that combine
strong economic interpretability with the ability to capture time-series comovements
as well as superior mean-variance efficiency that adds explanatory power for the cross-
section of expected returns, relative to both extremes.2 Lettau and Pelger (2020b) and
Bryzgalova et al. (2023) also pursue a balance between comovement capture and cross-
sectional performance by incorporating economic information into factor construction;
however, they do not explicitly consider the dimension of economic interpretability.
Figure 1 compares various factor construction methods along these dimensions. EGS
delivers economic interpretability comparable to observable factors, comovement capture
close to PCA and IPCA factors, and significantly stronger cross-sectional explanatory
power than both.

Second, we add to the econometrics of asset pricing by clarifying and introducing
two distinct notions of sparsity: sparsity in factor-construction weights and sparsity in
risk prices. The first, which is our main innovation, means that each latent factor is
constructed from only a limited subset of characteristic-managed portfolios, so that each
factor loads on only a small group of economically related characteristics. It reflects the
economic view that firm characteristics capture distinct dimensions of risk. For exam-
ple, trading volume and bid-ask spread capture liquidity risk (Amihud, 2002; Liu, 2006),
while book-to-market and leverage proxy for financial distress risk (Fama and French,
1992; Campbell et al., 2008). The second means that only a relatively small number of
factors is needed to summarize the cross-section of expected returns. Existing studies
such as Kozak et al. (2020) primarily focus on the latter notion by introducing spar-
sity (and shrinkage) in the estimation of risk prices, taking the factors themselves as
given (e.g., PCs of characteristic-sorted or managed portfolios). As such, their approach
addresses overfitting only in the second-stage risk price estimation, without addressing
issues embedded in the construction of the PCA factors themselves. In contrast, we
impose sparsity from the ground up: we first construct sparse factors and then esti-
mate sparse risk prices using the Kozak et al. (2020) framework. This “doubly sparse”
approach can mitigate overfitting at both stages.

Third, our EGS framework can be generalized by incorporating economic objectives
in the factor construction, in line with the spirit of Cong et al. (2020), Campello et al.

2PCA and IPCA factors are designed primarily to capture comovement, often at the expense of in-
terpretability and cross-sectional explanatory power. In contrast, observable factors prioritize inter-
pretability and cross-sectional performance but are less effective in capturing common variation. Our
method achieves an economically optimal trade-off between these two extremes.
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Figure 1. Trade-offs among factor construction approaches
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(2022), and Bryzgalova et al. (2023). By employing an economic objective based on the
risk premium, EGS can be integrated with Lettau and Pelger (2020b)’ Risk-Premium
PCA (RP-PCA), yielding what we refer to as the RP-EGS factors. Although the RP-
PCA factors achieve extremely high Sharpe ratios and explain the baseline portfolios
effectively, their overfitting to the first moments of the baseline portfolios leads to poor
performance in explaining other test assets. RP-EGS factors, instead, retain the high
Sharpe ratios of the RP-PCA factors while substantially enhancing their ability to ex-
plain these additional test assets. More generally, EGS contributes to an emerging AI
and Machine Learning literature highlighting how economic objectives discipline and
guide powerful data-driven algorithms in large modeling spaces to achieve better per-
formance while preserving interpretability (e.g. Cong et al., 2025, 2024).

The remainder of the paper is organized as follows. Section 2 outlines the construc-
tion of our EGS factors and describes their relation to both PCA and observable factors.
Section 3 demonstrates the strong interpretability of the EGS factors, and shows that
the EGS factors deliver a higher level of mean-variance efficiency and exhibit greater
explanatory power for the cross-section of expected returns. Section 4 introduces a more
general EGS framework that incorporates economic objectives. Section 5 explains the
mechanisms through which EGS improves asset pricing. Section 6 concludes.

2 Constructing Economically Guided Sparse Factors

Let Xt be a p × 1 vector of excess returns on characteristic-sorted or managed portfolios
in period t, for t = 1, . . . , T . We assume these excess returns follow an approximate
factor structure3:

Xt = (a) + Bft + et, t = 1, · · · , T, (1)

where ft is a K × 1 vector of latent factors, B is an unknown p × K matrix of factor
loadings, and et is the idiosyncratic component. The p × 1 vector a represents pricing
errors. We assume that a is either asymptotically negligible or orthogonal to the factor
loadings, i.e., a′B = 0.

Given this structure, conventional PCA provides a natural method for factor con-
struction. It estimates the factor loadings as

B̃ = arg max
B∈Rp×K

tr(B′Σ̂B) s.t. B′B = IK , (2)

where Σ̂ ≡
∑T

t=1(Xt−X̄)(Xt−X̄)′/T and X̄ ≡
∑T

t=1 Xt/T denote the sample covariance
matrix and the sample mean of Xt, respectively. The optimization in (2) can be solved
3In addition to the PCA-based perspective, the EGS factors can also be motivated from conditional
factor models; see Appendix A.
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via eigendecomposition of Σ̂, with the columns of B̃ given by the eigenvectors associated
with the K largest eigenvalues. The resulting factors are:

f̃t = (B̃′B̃)−1B̃′Xt = B̃′Xt, (3)

which maximally summarize the variance in Xt and capture the most time-series comove-
ment among the assets. Despite its simplicity and optimality for capturing comovement,
conventional PCA yields dense loading matrix B̃, rendering the resulting factors f̃t diffi-
cult to interpret. Moreover, these factors often involve offsetting long and short positions
that cancel out individual portfolio premia (see Figures 3 and 4), thereby undermining
their mean-variance efficiency and limiting their ability to explain the cross-section of
expected returns.

To improve the interpretability of the estimated factors, we introduce sparsity into
the loading matrix B. However, directly imposing a sparsity penalty in the standard
PCA formulation (2) yields a nonconvex optimization problem that is computationally
challenging. To address this, we adopt the sparse PCA framework of Zou et al. (2006),
which employs two separate loading matrices, B and A, to impose sparsity and orthog-
onality, respectively.4 To clarify this approach, we first rewrite the PCA objective (2)
in an equivalent form:

(Ã, B̃) = arg min
A,B∈Rp×K

−2tr(A′Σ̂B) + ∥B∥2
F s.t. A′A = IK , (4)

where the optimal solutions Ã and B̃ both coincide with the PCA loadings.5 We then
incorporate element-wise sparsity into this reformulated objective function:

(Â, B̂) = arg min
A,B∈Rp×K

−2tr(A′Σ̂B) + ∥B∥2
F +

K∑
k=1

λk∥wk ◦ bk∥1 s.t. A′A = IK , (5)

where two types of loading matrices are used: B imposes sparsity, while A enforces
orthogonality. Sparsity in B is induced via an adaptive lasso penalty. For each column
bk of B (k = 1, · · · , K), wk is a p × 1 vector of adaptive weights, and ◦ denotes element-
wise multiplication. The tuning parameters λk > 0 govern the degree of sparsity applied
to the k-th column. Compared with the standard lasso penalty employed by Zou et al.

4Zou et al. (2006) propose two versions of sparse PCA based on different PCA objectives. We adopt the
version corresponding to (2), which is computationally more efficient.

5Let f(A, B) = −2tr(A′Σ̂B) + ∥B∥2
F . This objective is quadratic in B for fixed A, and its minimizer is

given by B(A) = Σ̂A. Substituting this into (4) yields

Ã = arg max
A∈Rp×K

tr(A′Σ̂2A) s.t. A′A = IK

Thus, Ã consists of the first K eigenvectors of Σ̂2, which are identical to those of Σ̂. Since B̃ = Σ̂Ã = ÃΘ
(where Θ = diag(θ1, · · · , θK) and θ1, · · · , θK are the K largest eigenvalues of Σ̂), the columns of B are
also the first K eigenvectors of Σ̂, scaled by the corresponding eigenvalues.
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(2006), the adaptive lasso penalty yields estimators with favorable asymptotic properties
(Leng and Wang, 2009). When λ1 = · · · = λK = 0, the objective function reduce to (4),
and the solutions for both A and B collapse to the conventional PCA loadings.

The optimization problem (5) can be efficiently solved using an alternating mini-
mization algorithm. Given A = (a1, . . . , aK)′, the minimizer for each bk is obtained via
soft-thresholding:

bk = max
(

|Σ̂ak| − λkwk

2 , 0
)

· sign(Σ̂ak). (6)

Given B, the optimal A is:

A = Σ̂B(B′Σ̂′Σ̂B)−1/2. (7)

The algorithm iteratively updates A and B until convergence. Initialization uses the
standard PCA loadings A = B̃, and each column of B is normalized at the end. Adaptive
weights are set as the element-wise inverse of the PCA loadings, wk = 1 ⊘ b̃k, where
b̃k denotes the k-th column of B̃ and ⊘ denotes element-wise division. Denoting the
algorithm’s output as B̂, the estimated factors are

f̂t = (B̂′B̂)−1B̂′Xt = B̂′Xt. (8)

Because the signs of the loadings and factors are not uniquely determined, we adopt a
convention to ensure a consistent interpretation: the signs are chosen so that the sample
means of the estimated factors are positive, thereby ensuring positive risk premia.

It remains to choose the hyperparameters in the construction of EGS factors. To
address the issue of offsetting positions and “unpriced” factors (details provided in Sub-
section 2.2), we introduce an economic constraint that guides the degree of sparsity.
Specifically, each factor is required to take long positions in characteristic-managed
portfolios with positive expected returns (or in characteristic-sorted portfolios with high
expected returns) and short positions in those with negative (or low) expected returns.
This constraint leverages the monotonic relationship between characteristics and ex-
pected returns, echoing the spirit of Fama and French (1993), who construct long-short
portfolios based on characteristic sorts. By imposing this constraint, we ensure that all
selected portfolios contribute positively to the factor’s risk premium, thereby avoiding
the inclusion of offsetting or redundant positions that could dilute its mean-variance
efficiency6. Among all hyperparameter values that satisfy this economic constraint, we
choose the one that maximizes the Sharpe ratio of the tangency portfolio formed by all
factors.

In our empirical analysis, we adopt characteristic-managed portfolios constructed via

6Campbell and Thompson (2008) employs similar sign constraints to improve equity premium forecasts.
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Fama-MacBeth regressions. Let Zt denote an N × p matrix of p characteristics (which
may include a constant term) for N individual stocks in period t, and let Rt denote their
excess returns. The characteristic-managed portfolios are constructed as:

Xt = (Z ′
t−1Zt−1)−1Z ′

t−1Rt. (9)

These portfolios possess several attractive properties. First, if Zt includes a constant
term (e.g., as its first element) and the nonconstant characteristics are standardized
to have a zero mean, then the first element of Xt represents a “level” return. This is
the equal-weighted average excess return across all stocks—essentially equal-weighted
market portfolio. It has no exposure to any characteristic by construction and costs
$1 to implement (i.e., its weights sum to one). Second, as shown by Fama (1976), the
remaining elements of Xt are correspond to excess returns on zero-cost portfolios. Each
of these portfolios is constructed to have unit exposure to one characteristic and zero
exposure to all others. As a result, they isolate the return premium associated with a
single characteristic, effectively offering a “pure play” on that characteristic. These can
be interpreted as “slope” returns, in contrast to the “level” return represented by the
first component. These two properties follow directly from the identity Wt−1Zt−1 = Ip,
where Wt−1 = (Z ′

t−1Zt−1)−1Z ′
t−1 is the weight matrix used to construct Xt. Third,

under standard i.i.d. assumptions similar to those in OLS regression, the portfolios
in Xt have minimum variance and are often weakly correlated, making them highly
diversified in terms of risk. Fourth, as shown by Chen et al. (2021) and Appendix
A, performing PCA on Xt provides an econometric method for estimating conditional
factor models of individual stock returns. Additional properties of these portfolios are
discussed in Hoberg and Welch (2009) and Kirby (2020).

The Fama-MacBeth characteristic-managed portfolios offer several advantages over
traditional sorted portfolios. First, sorting requires an arbitrary choice of the number of
groups—such as terciles or quintiles—which can significantly influence the resulting port-
folios and make findings sensitive to this ex-ante decision. In contrast, Fama-MacBeth
regressions do not involve such discretization and instead utilize the full distribution
of characteristics. Second, sorting suffers from the curse of dimensionality, making it
infeasible to sort on more than four characteristics at a time. This limitation hampers
the ability to isolate the unique return effects of each characteristic. In contrast, Fama-
MacBeth regressions can easily incorporate a large number of characteristics—such as
hundreds—using data on a few thousand individual stocks, enabling richer and more
comprehensive analysis. Third, sorting fails to exploit within-group variation in char-
acteristics, as it only uses the differences between groups. In contrast, Fama-MacBeth
regressions fully leverage the continuous cross-sectional variation in characteristics, lead-
ing to more efficient and precise estimates of characteristic-related return premia.
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2.1 A Unifying Lens

Our framework provides a unifying lens through which a subset of latent and observable
factors can be understood as two limiting cases of our EGS factors. In the absence
of sparsity penalty—i.e., when the hyperparameters are set to zero—the sparse PCA
algorithm described in (5)-(7) reduces to the standard PCA and yields the loading
matrix B̃, producing the conventional PCA factors. Furthermore, a more general EGS
framework, further elaborated in Section 4, generates RP-PCA factors when the sparsity-
inducing parameters are set to zero. Conversely, when sparsity is maximized by setting
the hyperparameters to large values, each column of B contains only a single nonzero
entry,7 indicating that the resulting factor is constructed from a single characteristic-
managed portfolio. This places the factor firmly in the category of observable factors,
resembling the cross-sectional factors of Fama and French (2020) and the OLS factors
of Kozak and Nagel (2023). The relationship among EGS factors, observable factors,
and latent factors is summarized in Figure 2.

Most latent and observable factors can be viewed as constructed from a common
set of basis portfolios—portfolios that effectively summarize the pricing information
embedded in individual stocks using firm characteristics. These basis portfolios generally
fall into two categories. The first consists of characteristic-sorted portfolios, where stocks
are grouped based on a specific characteristic (often in combination with firm size), and
stocks within each group form a value- or equal-weighted portfolio. The second category
includes characteristic-managed portfolios, which can be constructed either via Fama-
MacBeth regressions as Xt = (Z ′

t−1Zt−1)−1Z ′
t−1Rt (as in our approach), or by directly

using characteristics as portfolio weights, as in Xt = Z ′
t−1Rt/N (e.g., Kozak et al.

(2020)).

Observable factors are typically built from a small subset of these basis portfolios
that correspond to a specific characteristic. For instance, the long-short factors of Fama
and French (1993) take long positions in one tail of the sorted portfolios and short
positions in the other, both sorted on the same characteristic (e.g., firms with high or
low book-to-market ratios).8 In contrast, the cross-sectional factors of Fama and French
(2020) directly select a single characteristic-managed portfolio as the factor. However,
unlike the observable factors derived from our EGS factors, both of these approaches are
expertise-driven rather than data-driven—that is, the representative basis portfolios are
selected based on researcher judgment rather than being algorithmically determined.

Latent factors, on the other hand, are typically formed as dense linear combina-
tions of a large number of characteristic-sorted or -managed portfolios. Kozak et al.
(2018, 2020) apply classical PCA directly to such portfolios to extract latent factors.

7While larger hyperparameter values can shrink B to zero, such cases do not yield meaningful factors.
8In double sorting, we usually focus on the effect of one characteristic while controlling for another.
Therefore, the resulting sorted portfolios are primarily associated with the first characteristic.
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Figure 2. A unifying perspective: latent and observable factors

Lettau and Pelger (2020b) and Bryzgalova et al. (2023) extend this PCA framework
by incorporating pricing error minimization or other economic targets into the factor
construction objective. Factors based on conditional factor models can also be expressed
in terms of basis portfolios. For example, the IPCA factors of Kelly et al. (2019) can
be represented as linear combinations of the characteristic-managed portfolios given by
Xt = Z ′

t−1Rt/N9; Regressed-PCA factors of Chen et al. (2021) are directly obtained by
applying PCA directly to a set of Fama-MacBeth characteristic-managed portfolios.

Our EGS factors lie between these two extremes. The level of sparsity is guided
by an economic constraint that favors long (short) positions in portfolios with positive
(negative) expected returns. Empirically, we find that EGS factors capture return co-
movement as effectively as latent factors, offer economic interpretability on par with
observable factors, and deliver superior explanatory power for the cross-section of ex-
pected returns compared to both. This suggests that neither fully dense (latent) nor
fully sparse (observable) factor constructions are optimal. Instead, an economically
guided, intermediate approach—such as ours—may provide the most desirable balance.

2.2 An Illustration

To illustrate the construction of our EGS factors, we present an empirical analysis of the
first factor. Figure 3 displays the Sharpe ratios and explained variances of the first factor

9IPCA factors are constructed as f̂t = (B̌′Z′
t−1Zt−1B̌)−1

B̌′Z′
t−1Rt, where B̌ is the output of the IPCA

algorithm. Rigourouly speaking, these factors are built from the characteristic-managed portfolios,
Xt = Z′

t−1Rt/N , with time-varying weights, B̌(B̌′Z′
t−1Zt−1B̌/N)−1.
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across different levels of sparsity. These two metrics reflect the factor’s mean-variance
efficiency and its ability to capture return comovement, respectively. Our results show
that while denser factors tend to explain more comovement, sparser factors deliver higher
Sharpe ratios.
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Notes: This figure illustrates the relationship between the first Sharpe ratio and explained variance of
the first factor as a function of the sparsity level. The horizontal axis is the value of the hyperparameter
λ, with higher values corresponding to greater sparsity. The red line plots the Sharpe ratio of the factor,
while the blue line shows the proportion of variance it explains. The gray shaded area indicates the
region where excessively large values of λ result in a zero factor due to overshrinakge.

Figure 3. Tradeoff between Sharpe ratio and explained variance

A more in-depth analysis of the factor structure reveals the underlying mechanism
behind this trade-off. Figure 4 presents the composition of the first at four represen-
tative levels of sparsity, ranging from the densest to the sparsest. When no sparsity is
imposed (i.e., λ = 0), the factor takes positions across nearly all characteristic-managed
portfolios, which can be categorized into four groups: (i) long positions in portfolios
with positive expected returns (red bar); (ii) long positions in portfolios with negative
expected returns (blue bar); (iii) short positions in portfolios with positive expected
returns; and (iv) short positions in portfolios with negative expected returns10. Among
these, positions (i) and (iv) contribute positively to the factor’s risk premium, while
positions (ii) and (iii) detract from it. In the densest case, the contributions of these op-
posing positions are roughly equal, leading to a significant offsetting effect that reduces
the net risk premium. As a result, the factor’s explanatory power for the cross-section of

10The expected returns of the characteristic-managed portfolios are estimated by their time-series aver-
age returns.
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expected returns is limited. As sparsity increases, this offsetting effect gradually dimin-
ishes. The factor becomes more selective, retaining only those portfolios that contribute
positively to the risk premium. This results in improved mean-variance efficiency and
stronger cross-sectional explanatory power. Our economically guided selection proce-
dure rules out the first three levels of sparsity and identifies the final level as optimal.
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Notes: This figure shows the composition of the first factor at four levels of sparsity. The first subplot cor-
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portfolio for each factor. The colors indicate the sign of the expected returns for the characteristic-
managed portfolios: red denotes positive expected returns, while blue denotes negative expected returns.

Figure 4. Composition of the first factor at different levels of sparsity

3 Empirical Findings on U.S. Equities

3.1 Data

Stock return data are sourced from the CRSP database. The sample includes all common
stocks listed on the NYSE, AMEX, and Nasdaq, spanning the period from January 1973
to December 2022. This time period is chosen because, beginning in 1973, Nasdaq-listed
stocks were incorporated into the CRSP database, significantly increasing the number
of stocks available for analysis. After 1973, the number of stocks in each cross-section
ranges from 3,500 to 7,500, compared to fewer than 2,500 before that period. This
ensures that, when the number of stock characteristics is large, we have sufficient data
to construct well-behaved managed portfolios.
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Stock characteristics are obtained from Chen and Zimmermann (2022), one of the
most comprehensive datasets currently available, which includes 212 characteristics.
However, a large proportion of these characteristics suffer from significant missing data.
To address this, we exclude those that, on average, cover fewer than one-third of the
stocks in each cross-section, resulting in the removal of 53 characteristics. In addition, to
ensure that the obtained managed portfolios effectively summarize pricing information,
we apply two further filters to the remaining characteristics: (i) eliminating those that
are highly correlated with others, as such multicollinearity can inflate the variance of
the managed portfolios constructed via cross-sectional regressions; (ii) excluding char-
acteristics that lack (independent) pricing information (Green et al., 2017), as they may
generate managed portfolios that primarily capture unpriced risks. Further details are
provided in Appendix B. After applying all filters, we retain 52 characteristics (or 53,
including the constant). The remaining characteristics are processed following standard
procedures: (i) missing values are imputed using the cross-sectional median for each
characteristic; (ii) each characteristic is ranked and mapped to the interval [−0.5, 0.5].

3.2 Economic Interpretability

Economically guided sparsity ensures that each factor is constructed from a limited,
distinct subset of characteristic-managed portfolios, thereby yielding factors with clear
economic interpretations. The kth column of B̂ (denoted b̂k), which encodes the portfolio
weights associated with the kth EGS factor, provides direct insight into the factor’s
composition, as illustrated in Figure 5. We focus on the case of K = 6, as leading factor
models typically comprise no more than six factors (e.g., the Fama-French six-factor
model).

As shown in Figure 5, Factor 1 admits a natural interpretation as an equal-weighted
market factor. Specifically, it corresponds to the managed portfolio constructed from
the intercept in the Fama-MacBeth cross-sectional regressions. Because all characteris-
tics are normalized, this portfolio represents the equal-weighted average excess return
across all individual stocks.11 In contrast, Factors 2-6 are each associated with one
characteristic or a narrow subset of characteristics and can therefore be interpreted as
capturing the (possibly joint) effects of those characteristics. These factors correspond,
respectively, to momentum, volume-profitability, short-term reversal/dividend omission,
value, and R&D effects.

To further support the interpretation of the EGS factors, Figure 6 plots their time-
series dynamics. We focus in particular on their behavior during economic recessions,
11As shown in (9), all managed portfolios are constructed from Fama-MacBeth cross-sectional regres-

sions. Formally, let Zt = (1N , Z̃t), where Z̃′
t1N /N = 0P −1 denotes normalized characteristics. Then

Xt+1 = (Z′
tZt)−1

Z′
tRt+1 =

( 1
N

0′
P −1

0P −1 (Z̃′
tZ̃t)

−1

)(
1′

N

Z̃′
t

)
Rt+1. Thus, the first managed portfolio is

X1,t+1 = 1′
N Rt+1/N , which is simply the arithmetic mean of Rt+1.
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Panel A: EGS Factors

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6
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Panel B: PCA Factors

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6
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Notes: the figure illustrates the values of b̂k (the kth column of B̂ for k = 1, · · · , 6) corresponding to
the EGS, PCA, and IPCA factors. These values represent the weights assigned to each
characteristic-managed portfolio for each factor. The colors indicate the sign of the expected returns
for the characteristic-managed portfolios: red denotes positive expected returns, while blue denotes
negative expected returns.

Figure 5. Composition of EGS, PCA, and IPCA factors
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Panel C: IPCA Factors

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6
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Figure 5. Composition of EGS, PCA, and IPCA factors (continued)

defined according to the NBER chronology and indicated by shaded vertical bars in
the figure. These factors exhibit different responses over recessions, consistent with the
interpretation that they capture distinct dimensions of systematic risk. In addition,
we examine the correlations between the EGS factors and a set of macroeconomic and
financial state variables. These correlations, reported in Table I, provide complementary
evidence on the economic content of the factors.

Factor 1, the market factor, plays a critical role in the factor structure. It is typically
ranked first in most leading theoretical and empirical asset pricing models, including
the CAPM, the Fama-French three- and five-factor models, and the Hou-Xue-Zhang q-
factor model. This factor captures the overall level of the stock market and is therefore
naturally interpreted as a “level factor” (Fama and French, 2020). In contrast, the other
factors primarily capture cross-sectional differences in returns and can be viewed as
“slope factors” (Clarke, 2022). The distinct roles of these factors also result in differences
in their time-series dynamics: Factor 1 exhibits substantial volatility not only during
economic recessions but also in non-recessionary periods, consistent with the view that
aggregate market returns respond continuously to updates in information. In contrast,
the volatility of the other factors is primarily concentrated during periods of economic
crises. Compared to the other factors, Factor 1 also exhibits stronger overall correlations
with macroeconomic and financial state variables, particularly the default return spread
and aggregate liquidity. This suggests that Factor 1 is more directly influenced by
broader economic conditions and financial stability.
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Notes: the figure illustrates the dynamics of the six EGS factors. The dashed lines represent
the sample mean levels of these factors. The gray vertical bars indicate the periods of economic
recession as defined by the NBER. Additionally, the figure presents the values of the mean,
standard deviation, and Sharpe ratio for each factor over the sample period.

Figure 6. Factor dynamics
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Table I. Correlations of EGS factors with macroeconomic and financial state variables
(%)

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6

∆IP -12.47 20.06 15.46 -11.75 10.58 -3.93

∆EMP -15.71 19.59 21.38 -8.49 11.69 0.68

TBill -0.79 5.28 -1.54 1.88 8.58 -2.06

TERM 8.40 -8.09 -0.96 2.69 1.07 7.13

DEF 36.50 -25.29 -20.13 18.18 -5.11 2.87

INF -6.04 -6.44 -2.30 2.04 -0.49 -12.90

I/K -8.79 17.24 3.15 -3.08 5.32 7.11

CAY -2.39 7.18 18.41 -10.37 8.05 17.92

LIQ 25.33 -0.83 -11.48 -8.36 -9.07 4.78

SENT -3.81 13.48 7.57 -13.39 12.16 4.14

REC -7.07 -7.49 -4.25 16.00 -0.41 -1.88

Notes: Correlation coefficients are reported in percentage terms. ∆IP: growth of indus-
trial production; ∆EMP: growth of employment; TBill: Treasury-bill rate; TERM: term
spread; DEF: default return spread; INF: inflation rate; I/K: investment to capital ratio;
CAY: consumption-wealth ratio; LIQ: aggregate liquidity; SENT: investor sentiment; REC:
NBER recession indicator.
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Factor 2 corresponds to the momentum factor. While some studies attribute mo-
mentum profits to market underreaction (Jegadeesh and Titman, 1993; Hong and Stein,
1999), others emphasize risk-based explanations. For example, Liu and Zhang (2008)
argue that the momentum returns may reflect compensation for differential exposure to
growth-related macroeconomic risks. Consistent with this explanation, Table I shows
that Factor 2 exhibits relatively strong correlations with growth in industrial production
and employment. In contrast, Daniel and Moskowitz (2016) and Barroso and Santa-
Clara (2015) associate momentum returns to crash risk. In line with their findings,
Figure 6 reveals pronounced “momentum crashes,” characterized by exceptionally sharp
drawdowns during recessions—more severe than those observed for other factors. Impor-
tantly, these crashes are not confined to recessionary periods but also occur in subsequent
market rebounds, as documented in the literature.

Factor 3 captures the joint effect of a stock’s trading volume and firm profitabil-
ity, with profitability proxied by the operating cash flow-to-price ratio and return on
assets (ROA). A growing body of research documents that trading volume interacts
with firm fundamentals—including profitability—in driving stock prices (e.g., Lee and
Swaminathan (2000); Han et al. (2022)). Factor 3 also experiences sharp declines dur-
ing economic recession (particularly the dot-com bubble and the COVID-19 pandemic),
periods typically accompanied by elevated trading activity and reassessments of firm
fundamentals.

Factor 4 reflects the joint effect of short-term reversal and dividend omission. Ex-
isting studies generally attribute short-term reversal to liquidity shocks or fluctuations
in investor sentiment (Avramov et al., 2006; Da et al., 2014). Consistent with this in-
terpretation, Figure 6 and Table I show that Factor 4 tends to attain higher values
during periods of unfavorable economic conditions, including recessions, episodes of low
market liquidity, depressed investor sentiment, and elevated default risk. Notably, this
countercyclical behavior distinguishes Factor 4 from the other factors, which typically
decline during economic downturns. The composition of Factor 4 further suggests that
dividend omission may interact with short-term reversal in driving stock returns, sug-
gesting mechanisms that have not been explicitly examined in the existing literature.

Factor 5 corresponds to the value factor. Penman et al. (2007) decomposed the
book-to-market ratio into two distinct components: an enterprise component capturing
operating risk and a leverage component capturing financing risk. In Factor 5, however,
these components are recombined, thereby capturing the overall value effect as in Fama
and French (1993). Notably, the mean of this factor exhibits a pronounced downward
shift around 2000, consistent with the documented attenuation in the value premium
reported by McLean and Pontiff (2016) and Smith and Timmermann (2022).

Factor 6 represents the R&D factor. Prior research suggests that this premium
is closely related to the highly uncertain and difficult-to-value nature of R&D project
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outcomes (Chan et al., 2001). In Figure 6, Factor 6 becomes both more profitable and
more volatile after 1994, a period that coincides with the rapid expansion of internet-
related firms and increased investment in intangible capital. Following the collapse of
the dot-com bubble in the early 2000s, however, the profitability of Factor 6 declines
markedly, reflecting a reassessment of growth prospects and risk associated with R&D-
intensive firms.

These results suggest that the EGS factors offer strong economic interpretations. For
comparison, we also present the factor composition for the PCA and IPCA factors. Panel
B and C illustrate the structure of b̂k for these two types of non-sparse factors. In both
cases, nearly all managed portfolios receive non-negligible weights, which complicates
economic interpretation to some extent. Notably, the managed portfolios identified by
the EGS factors also feature prominently in the PCA an IPCA factors, as indicated
by the prominent bars in these figures. However, in the PCA and IPCA factors, it is
difficult to disentangle these dominant components from the remaining loadings.

3.3 Mean-Variance Efficiency

As discussed in Subsection 2.2, introducing a certain degree of sparsity improves the
mean-variance efficiency and the ability to explain the cross-section of expected returns,
albeit at the cost of some explanatory power for return comovements. In this subsection,
we demonstrate that imposing economic-guided sparsity enhances the mean-variance
efficiency of the factors.

Figures 5 provide visual evidence supporting this mechanism. For most non-sparse
latent factors, positions with opposing contributions to the factor’s risk premium each
account for roughly half of the total. The effect of these opposing positions tends to offset
each other, potentially limiting the factor’s mean-variance efficiency. Some of these non-
sparse factors may even be “unpriced”: while they capture return comovements well,
they fail to explain the cross-section of expected returns. By incorporating sparsity and
economic sign-constraint, our EGS factors ensure that all managed portfolios within
the factor contribute positively to the factor’s risk premium. This structural alignment
facilitates an improvement in the factor’s mean-variance efficiency.

To validate our argument, we compare our EGS factors with two types of non-
sparse latent factors (PCA and IPCA factors) as well as typical observable factors. We
evaluate the mean-variance efficiency of these factors by assessing their in-sample and
out-of-sample Sharpe ratios.
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3.3.1 Individual Factor Efficiency

A direct way to compare the mean-variance efficiency of different factors is by examining
their Sharpe ratios. We begin by comparing the annualized in-sample Sharpe ratios of
the EGS factors with those of other typical latent and observable factors. For the EGS
and other latent factors, we focus on the factors extracted in the K = 6 case, consistent
with the previous analysis. For observable factors, we consider the factors from the
Fama-French three-, five-, and six-factor models (FF3, FF5, and FF6), as well as those
from the Hou-Xue-Zhang q- and q5-factor models (Q4 and Q5).

Table II summarizes the results. Compared to two types of non-sparse latent factors,
our EGS factors generally exhibit a higher level of mean-variance efficiency. Specifically,
across Factors 1 through 6, the EGS factors consistently achieve higher Sharpe ratios
than both PCA and IPCA factors. The only exception is IPCA Factor 4, which has
an in-sample Sharpe ratio of 2.93, significantly higher than that of EGS Factor 4 (1.37)
and PCA Factor 4 (0.32). Figure 5 illustrates the reason for this occasional high Sharpe
ratio: most of the managed portfolios in IPCA Factor 4 contribute positively to the
factor’s risk premium (i.e., position types (i) and (iv) dominate the factor).

Table II. In-sample Sharpe ratios for individual factors

Panel A: Latent factors (K = 6)

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6

EGS 0.44 0.37 0.52 1.37 1.11 1.23

PCA 0.35 0.17 0.46 0.32 0.60 0.79

IPCA 0.38 0.33 0.34 2.93 0.44 0.03

Panel B: Observable factors

MKT SMB HML RMW CMA MOM

FF3 0.43 0.17 0.36

FF5 0.43 0.22 0.36 0.45 0.57

FF6 0.43 0.22 0.36 0.45 0.57 0.50

MKT ME IA ROE EG

Q4 0.43 0.29 0.66 0.69

Q5 0.43 0.29 0.66 0.69 1.30

Notes: the table reports the in-sample (annualized) Sharpe ratios for individual factors,
reflecting the mean-variance efficiency of each factor. The comparison includes: (i) EGS,
PCA, and IPCA factors, each with K = 6; and (ii) observable factors from the Fama-French
three-, five-, and six-factor models (FF3, FF5, and FF6), as well as the Hou-Xue-Zhang q-
and q5-factor models (Q4 and Q5).
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In addition, PCA and IPCA sometimes extract unpriced factors, as evidenced by
their extremely low Sharpe ratios. In the K = 6 case, both PCA Factor 2 and IPCA
Factor 6 are typical examples of unpriced factors, with annualized Sharpe ratios of 0.03
and 0.17, respectively. Theoretically, such factors have little explanatory power for the
cross-section of expected returns. By incorporating the economic sign-constraint, our
EGS method ensures that all positions within the factor contribute positively to its risk
premium, thus avoiding the extraction of unpriced factors. In the K = 6 case, all EGS
factors exhibit relatively high Sharpe ratios, with the lowest being 0.37.

A comparison with several well-known observable factors further supports the supe-
rior mean-variance efficiency of our EGS factors. Most of these observable factors have
Sharpe ratios ranging from 0.3 to 0.7, with only a few exceptions. Among our six EGS
factors, the first three fall within this range, while the last three exhibit higher Sharpe
ratios. In contrast, both PCA and IPCA occasionally produce unpriced factors with
Sharpe ratios significantly below this range.

3.3.2 Factor Tangency Portfolio

In addition to analyzing the in-sample Sharpe ratios of individual factors, we also eval-
uate the overall mean-variance efficiency of different sets of factors out-of-sample. For
each set of factors, we construct an out-of-sample factor tangency portfolio and assess
the overall mean-variance efficiency based on the portfolio’s profitability, including its
Sharpe ratio and maximum drawdown.

We construct the factor tangency portfolio on a monthly basis using a 10-year rolling-
window. Specifically, at the end of each month t (for t = 120, · · · , T − 1), we apply
our EGS method to the managed portfolios from months t − 119 to t to reconstruct
the factors. The rolling-window EGS factors and the corresponding factor weights are
denoted as {f̂

(t)
s }t

s=t−119 and B̂t (where the subscript or superscript t indicates that the
rolling window extends up to time t). The K × 1 weight vector for the factor tangency
portfolio is then given by:

wT P
t+1 = Σ̂−1

t µ̂t

1′Σ̂−1
t µ̂t

, (10)

where µ̂t and Σ̂t represent the mean vector and covariance matrix of the rolling-window
EGS factors {f̂

(t)
s }t

s=t−119. This weight vector optimally allocates each factor within the
tangency portfolio according to mean-variance principles. The return of this tangency
portfolio at month t + 1 is:

RT P
t+1 =

f̂ ′
t,t+1Σ̂−1

t µ̂t

1′Σ̂−1
t µ̂t

. (11)
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where f̂t,t+1 := (B̂′
tB̂t)

−1
B̂′

tXt+1 represents the realized factors, which are the time-(t+1)
realized values of EGS factors that are pre-constructed within the rolling window.

Table III presents the Sharpe ratios and maximum drawdowns for out-of-sample
factor tangency portfolios constructed from different sets of factors. These factor sets
include: (i) the EGS factors and other latent factors, across various values of K; and (ii)
observable factors from several well-known factor models, including the CAPM, FF3,
Q4, FF5, and FF6 models, corresponding to K = 1, 3, 4, 5, 6, respectively. To ensure
comparability, all portfolio returns are scaled to match the standard deviation of the
value-weighted market portfolio.

For latent factors, the out-of-sample Sharpe ratio generally increases with the num-
ber of factors K, indicating that the majority of these factors provide incremental ex-
planatory power for the cross-section of expected returns. Among the different types
of factors, EGS factors consistently outperforms the others. Across nearly all values
of K, the EGS tangency portfolios achieve significantly higher Sharpe ratios and lower
maximum drawdowns compared to PCA and IPCA tangency portfolios. Notably, when
K ≤ 3, the out-of-sample Sharpe ratios of the PCA and IPCA tangency portfolios are
disappointingly low, ranging from 0.19 to 0.28 for PCA and from 0.22 to 0.34 for IPCA,
with exceptionally high maximum drawdowns. These results suggests that the first few
factors extracted by PCA and IPCA tend to be unpriced out-of-sample.

A comparison with observable factors provides additional insights. Since latent fac-
tors are constructed using a richer set of firm characteristics, their associated tangency
portfolios are generally expected to achieve higher Sharpe ratios than those constructed
from observable factors. This expectation is validated by EGS, as its tangency portfo-
lios consistently exhibit higher Sharpe ratios than those from observable factors with
the same K (with the exception of the K = 1 case12). For example, under a four-factor
specification, the EGS tangency portfolio achieves a Sharpe ratio of 1.34, compared to
0.89 for the Q4 tangency portfolio. In contrast, the PCA and IPCA tangency portfo-
lios underperform observable factors in this case, with Sharpe ratios of 0.58 and 0.59,
respectively.

3.4 Explaining the Cross-Section of Expected Returns

Factors with a high level of mean-variance efficiency should also exhibit a stronger ability
to explain the cross-section of expected returns. In this subsection, we demonstrate the
superior cross-sectional explanatory power of the EGS factors from three perspectives:
1) cross-sectional R2 for managed portfolios; 2) the ability to price individual stocks;
and 3) the ability to price test portfolios.
12For K = 1, the CAPM employs the value-weighted market factor, whereas the EGS factor corresponds

to the equal-weighted market factor. The higher Sharpe ratio of the CAPM tangency portfolio in this
example reflects differences in factor construction rather than in factor structure.
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Table III. Out-of-sample profitability of factor tangency portfolios

K

1 2 3 4 5 6 7 8 9 10

Panel A: Latent factors

EGS

SR 0.30 0.70 1.08 1.34 1.91 2.04 2.46 2.67 2.94 3.30

MDD (%) 80.7 60.4 42.3 48.7 35.3 37.5 37.8 34.6 23.2 27.9

PCA

SR 0.23 0.28 0.19 0.58 0.75 0.97 1.21 1.35 1.67 2.29

MDD (%) 112.1 64.7 83.4 68.4 82.1 79.4 94.8 87.2 65.2 89.4

IPCA

SR 0.26 0.22 0.34 0.59 0.78 1.57 1.91 2.49 2.53 2.71

MDD (%) 85.6 91.9 70.7 54.4 78.2 51.3 62.4 63.0 66.7 51.9

Panel B: Observable factors

MKT FF3 Q4 FF5 FF6

SR 0.54 0.15 0.89 0.69 0.95

MDD (%) 68.1 16.5 78.9 38.0 31.5

Notes: the table reports the out-of-sample performance of tangency portfolios constructed from
different types of factors. Out-of-sample performance is evaluated using the following indicators:
(i) the out-of-sample annualized Sharpe ratio (SR) and (ii) the maximum drawdown (MDD,
%). The comparison includes: (i) EGS, PCA, and IPCA factors, across various number of
factors (K); and (ii) observable factors, including the CAPM, FF3, Q4, FF5, and FF6 models,
corresponding to K = 1, 3, 4, 5, 6, respectively. To compute the maximum drawdown, all returns
are scaled to match the standard deviation of the value-weighted market portfolio.
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3.4.1 Time-series and Cross-Sectional Fit

As discussed in Subsection 2.2, our EGS factors sacrifice some explanatory power for
time-series comovement to enhance their ability to explain the cross-section of expected
returns. In this subsection, we examine this trade-off from the perspective of model
fit. We employ two model fit metrics: the time-series R2 and the cross-sectional R2, as
defined below:

Time-series R2 = 1 − 1
p

p∑
j=1

∑T
t=1 (xt,j − b̂′

j f̂t)
2∑T

t=1 x2
t,j

(12)

Cross-sectional R2 = 1 −
∑p

j=1

(
1
T

∑T
t=1 (xt,j − b̂′

j f̂t)
)2

∑p
j=1

(
1
T

∑T
t=1 xt,j

)2 (13)

These two metrics evaluate the factors’ ability to capture the time-series comovement of
managed portfolios and their ability to explain the cross-section of expected returns, re-
spectively. For EGS, PCA, and IPCA factors, the factor loadings correspond to the j-th
row of the estimates B̂, which are obtained from the respective algorithm. For observ-
able factors, the factor loadings are estimated from time-series regressions of portfolios
on the factors. We compute both in-sample and out-of-sample versions of these metrics,
with the out-of-sample case involving realized factors and factor loadings estimated from
the rolling window.

Table IV presents our results. PCA factors exhibit the highest time-series R2, fol-
lowed by IPCA factors. Our EGS factors are weaker in this regard compared to the other
two, reflecting the necessary trade-off for imposing sparsity. As for the cross-sectional
R2, our EGS factors outperform other latent and observable factors out-of-sample. This
aligns with our argument: the imposition of sparsity sacrifices some ability to capture
time-series comovement, while enhancing the ability to explain the cross-section of ex-
pected returns. Furthermore, compared to latent factors, observable factors have both
lower time-series and cross-sectional R2s.

3.4.2 Pricing Individual Stocks

Our EGS factors can also be described from the perspective of conditional factor mod-
els and, consequently, can be used to price individual stocks (see Appendix A). A set
of factors with stronger explanatory power for individual stock returns will, in aggre-
gate, generate smaller alphas. To evaluate the out-of-sample pricing performance of
these factors at the individual stock level, we construct a pure-alpha portfolio for each
specification. The weight vector for this portfolio is:

wP A
t+1 = Zt(Z ′

tZt)−1
ât, (14)
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Table IV. Time-series and cross-sectional R2 (%)

K

1 2 3 4 5 6 7 8 9 10

Panel A: Time-series R2 (%), in-sample

EGS 1.89 3.77 5.66 8.29 11.75 13.61 15.33 17.18 19.25 21.28

PCA 8.64 13.09 17.64 20.56 24.12 27.17 29.18 31.95 35.06 38.49

IPCA 3.68 8.17 13.73 17.35 20.24 22.89 26.17 28.60 30.48 33.17

Observable 4.41 9.15 10.07 11.28 13.36

Panel B: Time-series R2 (%), out-of-sample

EGS 2.08 4.26 6.73 9.10 11.30 13.43 15.07 16.97 18.70 20.57

PCA 7.72 11.21 14.73 17.57 19.78 22.06 24.05 25.90 27.87 29.61

IPCA 2.51 7.53 11.00 12.88 15.06 16.89 18.68 20.57 22.46 24.37

Observable 3.70 5.36 4.69 4.34 4.91

Panel C: Cross-sectional R2 (%), in-sample

EGS 3.87 5.36 7.13 21.04 27.36 32.12 42.84 44.07 45.20 61.11

PCA 4.12 4.49 6.22 6.90 8.84 11.78 12.68 12.78 28.82 61.03

IPCA 1.30 1.43 2.61 3.00 33.68 41.86 58.62 61.31 60.74 62.72

Observable 2.92 5.09 5.80 6.84 4.41

Panel D: Cross-sectional R2 (%), out-of-sample

EGS 3.90 8.57 18.07 24.13 34.84 40.44 44.59 48.83 54.39 57.80

PCA 3.87 5.08 6.13 11.06 13.04 15.54 20.27 23.95 28.12 39.08

IPCA 1.63 5.19 6.91 10.64 14.72 25.90 33.28 41.88 46.56 50.11

Observable 0.64 1.83 1.93 4.43 5.23

Notes: the table presents the time-series and cross-sectional R2s for different types of factors,
considering both in-sample and out-of-sample cases. The comparison includes: (i) EGS, PCA,
and IPCA factors, across various number of factors (K); and (ii) observable factors, including
the CAPM, FF3, Q4, FF5, and FF6 models, corresponding to K = 1, 3, 4, 5, 6, respectively.
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where ât denotes the rolling window estimate of a (see Appendix A for details on the
estimation of a). This portfolio allocates weights to individual stocks in proportion to
their conditional expected returns in excess of risk compensation. The return of this
pure-alpha portfolio at month t + 1 is then given by:

RP A
t+1 = â′

t(Z ′
tZt)−1

Z ′
tRt+1 = â′

tXt+1. (15)

Thus, the pure-alpha portfolio can also be interpreted as a linear combination of the
managed portfolios Xt+1, with weights given by ât.

Table V compares the out-of-sample profitability of pure-alpha portfolios for different
sets of factors. As the number of factors increases, the out-of-sample alphas decrease,
as reflected by the declining Sharpe ratios of the corresponding pure-alpha portfolios.
Nevertheless, for K ≤ 10, the Sharpe ratios of pure-alpha portfolios across all factor
types remain above 3, indicating that a non-negligible portion of the conditional expected
returns is consistently classified as mispricing. Compared to PCA and IPCA factors,
our EGS factors yields considerably smaller out-of-sample alphas, as evidenced by lower
Sharpe ratios and higher maximum drawdowns. Furthermore, the alphas associated
with EGS factors diminish more rapidly as K increases, compared to those associated
with PCA or IPCA factors. These results underscore the superior pricing ability of EGS
factors at the individual stock level.

Table V. Out-of-sample profitability of pure-alpha portfolios

K

1 2 3 4 5 6 7 8 9 10

EGS

SR 4.09 4.04 3.91 3.88 3.87 3.76 3.69 3.59 3.32 3.24

MDD (%) 26.3 31.3 39.8 42.2 34.0 15.0 15.8 17.0 26.9 20.5

PCA

SR 4.54 4.51 4.60 4.60 4.57 4.51 4.46 4.42 4.37 4.17

MDD (%) 25.3 34.0 18.0 18.0 9.8 7.2 7.3 6.6 10.0 6.8

IPCA

SR 4.45 4.42 4.48 4.42 4.37 4.35 4.19 4.04 4.02 4.02

MDD (%) 22.4 10.9 9.1 11.3 14.8 12.5 12.7 9.0 8.6 8.9

Notes: the table reports the out-of-sample performance of pure-alpha portfolios. Out-of-sample
performance is evaluated using the following indicators: (i) the out-of-sample annualized Sharpe
ratio (SR) and (ii) the maximum drawdown (MDD, %). The comparison includes pure-alpha
portfolios corresponding to EGS, PCA, and IPCA factors, across various values of K. To
compute the maximum drawdown, all returns are scaled to match the standard deviation of the
value-weighted market portfolio.
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3.4.3 Pricing Test Portfolios

An efficient set of factors should effectively price not only individual stocks but also test
portfolios. Test portfolios, which are typically diversified combinations of stocks designed
to capture a broad cross-section of expected returns, provide a robust benchmark for
assessing the generalization power of factor models. In this subsection, we compare the
ability of our EGS factors to explain test portfolios relative to other types of factors.
Specifically, we consider three sets of test portfolios: (i) the 53 managed portfolios from
our study; (ii) Fama and French (2018) 100 sorted portfolios, including 5 × 5 portfolios
sorted by size/book-to-market, size/profitability, size/investment, and size/momentum,
respectively; and (iii) Kozak et al. (2018) 110 sorted portfolios, including decile-1 and
decile-10 portfolios based on 55 characteristics.

Following Lettau and Pelger (2020b), we employ the in-sample and out-of-sample
root-mean-squared (RMS) alpha (RMSIS

α and RMSOOS
α ) to evaluate the overall pricing

errors. For this purpose, we first calculate the in-sample and out-of-sample alpha for each
test portfolio m (m = 1, · · · , M). The in-sample alpha αIS

m is computed as the intercept
from the regression of test portfolio m on the selected factors. The out-of-sample alpha
αOOS

m is computed in three steps: (i) within a rolling window (from months t − 119 to
t), we construct the EGS factors and compute the loadings of test portfolio m on these
factors; (ii) we calculate the realized value of the factors at month t+1, and use them to
calculate the out-of-sample residual for test portfolio m at month t+1; and (iii) the out-
of-sample alpha is then computed as the time-series mean of the out-of-sample residuals.
Finally, we compute the in-sample and out-of-sample RMS alpha for the cross-section
of test portfolios, which represents the overall pricing error.

Table VI compares the explanatory power of different factors for three types of test
portfolios from an in-sample perspective. The relative performance of these factors
varies with the number of factors K. When K ≤ 5, the four types of factors perform
similarly in explaining our managed portfolios; for the sorted portfolios, the EGS factors
exhibit the strongest explanatory power, followed by observable factors, IPCA factors,
and PCA factors. However, when K ≥ 6, IPCA factors show a sharp improvement in
explanatory power, surpassing the other three types of factors. This may be because,
when K ≥ 6, IPCA extracts a few factors with extremely high Sharpe ratios, as discussed
in Subsection 3.313

From the out-of-sample perspective, our EGS factors demonstrate a clear advan-
tage. In explaining our managed portfolios, the EGS factors perform best, followed by
IPCA factors, PCA factors, and finally observable factors. For the two types of sorted
portfolios, the advantage of EGS factors is even more pronounced: their out-of-sample

13Note that the IPCA factors vary considerably under different specifications. For example, in the K = 6
case reported in Table II, IPCA Factor 4 exhibits an extremely high Sharpe ratio, whereas this is not
observed in the K = 4 case.
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RMS alpha is roughly half, or even less, of that of PCA and IPCA factors. Observable
factors lie in between. Interestingly, the advantage of IPCA factors in the in-sample
analysis does not persist out-of-sample—IPCA significantly underperforms both EGS
and observable factors in explaining the sorted portfolios. This suggests that the ex-
tremely high Sharpe ratio factors occasionally extracted by IPCA do not generalize well
out-of-sample.

Table VI. In-sample RMS alpha for test portfolios

K

1 2 3 4 5 6 7 8 9 10

Panel A: Our 53 Managed Portfolios (%)

EGS 0.64 0.63 0.63 0.58 0.55 0.54 0.49 0.49 0.48 0.41

PCA 0.64 0.64 0.63 0.63 0.62 0.61 0.61 0.61 0.55 0.41

IPCA 0.64 0.64 0.64 0.64 0.52 0.49 0.40 0.39 0.39 0.38

Observable 0.64 0.63 0.63 0.63 0.64

Panel B: FF 100 Sorted Portfolios (%)

EGS 0.57 0.49 0.58 0.24 0.26 0.26 0.39 0.37 0.21 0.18

PCA 0.72 0.82 0.87 0.79 0.86 0.95 0.98 0.98 1.03 0.48

IPCA 0.63 0.62 0.66 0.58 0.35 0.18 0.31 0.25 0.28 0.22

Observable 0.54 0.42 0.39 0.40 0.40

Panel C: KNS 110 Sorted Portfolios (%)

EGS 0.46 0.39 0.51 0.35 0.28 0.27 0.33 0.34 0.30 0.25

PCA 0.63 0.66 0.74 0.64 0.68 0.76 0.79 0.78 0.86 0.45

IPCA 0.57 0.56 0.60 0.58 0.45 0.26 0.28 0.27 0.30 0.28

Observable 0.46 0.43 0.45 0.43 0.44

Notes: the table reports the in-sample root-mean-squared (RMS) alpha when different types of
factors are used to price various test portfolios. Three sets of test portfolios are considered: (i)
the 53 managed portfolios from our study; (ii) Fama and French (2018) 100 sorted portfolios,
including 5 × 5 portfolios sorted by size/book-to-market, size/profitability, size/investment, and
size/momentum, respectively; and (iii) Kozak et al. (2018) 110 sorted portfolios, including decile-1
and decile-10 portfolios based on 55 characteristics. The comparison includes: (i) EGS, PCA,
and IPCA factors, across various number of factors (K); and (ii) observable factors, including the
CAPM, FF3, Q4, FF5, and FF6 models, corresponding to K = 1, 3, 4, 5, 6, respectively.
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Table VII. Out-of-sample RMS alpha for test portfolios

K

1 2 3 4 5 6 7 8 9 10

Panel A: Our 53 Managed Portfolios (%)

EGS 0.61 0.60 0.57 0.55 0.51 0.48 0.47 0.45 0.42 0.41

PCA 0.61 0.61 0.61 0.59 0.58 0.58 0.56 0.55 0.53 0.49

IPCA 0.62 0.61 0.60 0.59 0.58 0.54 0.52 0.48 0.46 0.45

Observable 0.62 0.62 0.62 0.61 0.61

Panel B: FF 100 Sorted Portfolios (%)

EGS 0.63 0.42 0.31 0.27 0.26 0.23 0.23 0.22 0.23 0.25

PCA 0.80 0.87 0.83 0.79 0.81 0.76 0.73 0.74 0.70 0.71

IPCA 0.60 0.67 0.74 0.67 0.64 0.57 0.53 0.47 0.48 0.45

Observable 0.37 0.35 0.35 0.33 0.34

Panel C: KNS 110 Sorted Portfolios (%)

EGS 0.53 0.36 0.31 0.30 0.31 0.31 0.33 0.34 0.35 0.37

PCA 0.69 0.80 0.75 0.73 0.74 0.68 0.67 0.68 0.67 0.71

IPCA 0.54 0.64 0.67 0.64 0.61 0.55 0.49 0.41 0.44 0.41

Observable 0.36 0.36 0.37 0.35 0.35

Notes: the table reports the out-of-sample root-mean-squared (RMS) alpha when different types
of factors are used to price various test portfolios. Three sets of test portfolios are considered:
(i) the 53 managed portfolios from our study; (ii) Fama and French (2018) 100 sorted portfolios,
including 5 × 5 portfolios sorted by size/book-to-market, size/profitability, size/investment, and
size/momentum, respectively; and (iii) Kozak et al. (2018) 110 sorted portfolios, including decile-1
and decile-10 portfolios based on 55 characteristics. The comparison includes: (i) EGS, PCA,
and IPCA factors, across various number of factors (K); and (ii) observable factors, including the
CAPM, FF3, Q4, FF5, and FF6 models, corresponding to K = 1, 3, 4, 5, 6, respectively.
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4 General EGS Framework

We extend the baseline EGS factors to a more general EGS framework that incorporates
economic objectives, in line with the spirit of Bryzgalova et al. (2023):

min
A,B∈Rp×K

− 2
T

tr
[
A′X ′(MT + γW )XB

]
+ ∥B∥2

F +
K∑

k=1
λk∥bk∥1 s.t. A′A = IK . (16)

In this specification, the covariance matrix Σ̂ = X ′MT X/T in (5) is generalized to
X ′(MT + γW )X/T . The matrix W modifies the covariance structure to reflect specific
economic objectives, and γ determines the weight placed on these objectives. As before,
the parameters λ1, . . . , λK govern the degree of sparsity, and we continue to impose the
economic sign constraint to guide their selection. Setting W = 0 recovers the baseline
EGS criterion in (5). Different choices of W integrate the EGS framework with different
economic objectives. For instance, W = 1T 1′

T /T integrates EGS with the Risk-Premium
PCA (RP-PCA) of Lettau and Pelger (2020b), while W = G(G′G)−1G′, where G is a
T × L matrix of macroeconomic variables, emphasizes return components associated
with macroeconomic shocks.

As a primary application, we integrate EGS with RP-PCA and refer to the resulting
framework as RP-EGS. While traditional PCA relies solely on second-moment infor-
mation (the covariance matrix), RP-PCA incorporates both first- and second-moment
information by including expected returns. This extension yields factors with improved
mean-variance efficiency and stronger explanatory power for the cross-section of ex-
pected returns. We examine whether integrating EGS into the RP-PCA framework
further enhances factor performance. Consistent with Lettau and Pelger (2020b), we
set γ = 10.

Figure 7 illustrates the composition of the RP-PCA and RP-EGS factors. RP-PCA
Factor 1 takes long positions in all managed portfolios with positive expected returns and
short positions in those with negative expected returns; in other words, every managed
portfolio contributes positively to the factor risk premium. This pattern reflects the
incorporation of first-moment information. Consequently, the EGS framework imposes
minimal sparsity on this factor, so the composition of RP-EGS Factor 1 remains dense
and closely mirrors that of RP-PCA Factor 1. By contrast, RP-PCA Factors 2-6 exhibit
roughly equal numbers of portfolios contributing positively and negatively to the risk
premium, indicating that first-moment information is relatively limited in these factors.
Our economically guided sparsity primarily affects these factors, rendering RP-EGS
Factors 2-6 sparse. The economic interpretations of RP-EGS Factors 2-6 closely align
with those of EGS Factors 1-5, underscoring the robustness of our EGS approach.

We further evaluate the asset pricing performance of RP-PCA and RP-EGS factors
by examining their out-of-sample Sharpe ratios, cross-sectional R2, and their explana-
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Panel A: RP-PCA Factors

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6
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Panel B: RP-EGS Factors

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6
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Notes: the figure illustrates the values of b̂k (the kth column of B̂ for k = 1, · · · , 6) corresponding to
the RP-PCA and RP-EGS factors. These values represent the weights assigned to each
characteristic-managed portfolio for each factor. The colors indicate the sign of the expected returns
for the characteristic-managed portfolios: red denotes positive expected returns, while blue denotes
negative expected returns.

Figure 7. Composition of RP-PCA and RP-EGS factors
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tory power for the test assets. The results are reported in Tables VIII, IX, and X. By
effectively exploiting first-moment information, the RP-PCA factors achieve exception-
ally high Sharpe ratios, with the first two factors alone reaching a Sharpe ratio of 4.61.
The strong fit on the first moment also translates into a remarkable ability to explain
the cross-section of managed portfolios: starting from the first factor, the out-of-sample
cross-sectional R2 exceeds 95%, and the root-mean-square alpha remains below 0.15%.
These results substantially outperform those of PCA factors and baseline EGS factors.
The RP-EGS factors preserve these advantages of the RP-PCA factors.

Table VIII. RP-PCA + EGS: Out-of-sample Portfolio Profitability

K

1 2 3 4 5 6 7 8 9 10

PCA

SR 0.23 0.28 0.19 0.58 0.75 0.97 1.21 1.35 1.67 2.29

MDD (%) 112.1 64.7 83.4 68.4 82.1 79.4 94.8 87.2 65.2 89.4

EGS

SR 0.30 0.70 1.08 1.34 1.91 2.04 2.46 2.67 2.94 3.30

MDD (%) 80.7 60.4 42.3 48.7 35.3 37.5 37.8 34.6 23.2 27.9

RP-PCA (γ = 10)

SR 3.20 4.61 4.52 4.75 4.77 4.80 4.86 4.83 4.81 4.79

MDD (%) 85.8 43.9 55.8 35.9 37.5 31.0 23.3 20.1 17.1 20.5

RP-EGS (γ = 10)

SR 4.08 4.13 4.19 4.16 4.24 4.52 4.43 4.52 4.64 4.65

MDD (%) 50.4 41.3 50.5 47.5 52.2 31.7 32.6 18.9 18.5 16.5

Notes: the table reports the out-of-sample performance of tangency portfolios constructed
from different types of factors. Out-of-sample performance is evaluated using the following
indicators: (i) the out-of-sample annualized Sharpe ratio (SR) and (ii) the maximum
drawdown (MDD, %). The comparison includes PCA factors, RP-PCA factors, and their
combinations with the EGS framework (EGS and RP-EGS factors). Following Lettau and
Pelger (2020b), we set the parameter γ = 10. To compute the maximum drawdown, all
returns are scaled to match the standard deviation of the value-weighted market portfolio.

However, the RP-PCA factors perform poorly when explaining other test assets.
Although RP-PCA Factor 1 exhibits an extremely high Sharpe ratio and plays a domi-
nant role in explaining managed portfolios, it negatively contributes to the explanation
of other test assets. Specifically, the expected returns of Fama and French (2018) 100
sorted portfolios and Kozak et al. (2018) 110 sorted portfolios are 1.08% and 1.01%, re-
spectively, yet using RP-PCA Factor 1 to explain these returns yields alphas exceeding
2%. This indicates that the RP-PCA factors overfit the baseline assets’ expected re-
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Table IX. RP-PCA + EGS: Time-series and cross-sectional R2 (%)

K

1 2 3 4 5 6 7 8 9 10

Panel A: Time-series R2 (%), in-sample

PCA 8.64 13.09 17.64 20.56 24.12 27.17 29.18 31.95 35.06 38.49

EGS 1.89 3.77 5.66 8.29 11.75 13.61 15.33 17.18 19.25 21.28

RP-PCA 6.74 15.98 20.32 24.72 27.83 31.16 33.71 35.93 38.70 40.79

RP-EGS 7.01 9.27 11.10 14.16 16.26 19.33 20.89 21.16 23.00 24.87

Panel B: Time-series R2 (%), out-of-sample

PCA 7.72 11.21 14.73 17.57 19.78 22.06 24.05 25.90 27.87 29.61

EGS 2.08 4.26 6.73 9.10 11.30 13.43 15.07 16.97 18.70 20.57

RP-PCA 6.60 14.85 18.17 21.70 24.21 26.36 28.84 30.55 32.24 34.18

RP-EGS 6.77 9.14 10.96 13.55 15.91 17.80 19.54 20.73 22.79 24.52

Panel C: Cross-sectional R2 (%), in-sample

PCA 4.12 4.49 6.22 6.90 8.84 11.78 12.68 12.78 28.82 61.03

EGS 3.87 5.36 7.13 21.04 27.36 32.12 42.84 44.07 45.20 61.11

RP-PCA 98.80 99.97 99.97 99.98 99.98 99.98 99.99 99.99 99.99 99.99

RP-EGS 99.99 100.00 100.00 100.00 99.98 99.98 99.99 99.93 99.97 99.93

Panel D: Cross-sectional R2 (%), out-of-sample

PCA 3.87 5.08 6.13 11.06 13.04 15.54 20.27 23.95 28.12 39.08

EGS 3.90 8.57 18.07 24.13 34.84 40.44 44.59 48.83 54.39 57.80

RP-PCA 94.86 97.61 97.56 97.66 97.77 97.82 97.77 97.76 97.97 97.99

RP-EGS 96.95 97.45 97.38 97.94 97.79 97.72 97.91 97.87 98.04 97.88
Notes: the table presents the time-series and cross-sectional R2s for different types of factors, con-
sidering both in-sample and out-of-sample cases. The comparison includes PCA factors, RP-PCA
factors, and their combinations with the EGS framework (EGS and RP-EGS factors). Following
Lettau and Pelger (2020b), we set the parameter γ = 10.
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Table X. RP-PCA + EGS: Out-of-sample RMS alpha for test portfolios

K

1 2 3 4 5 6 7 8 9 10

Panel A: Our 53 Managed Portfolios (%)

PCA 0.61 0.61 0.61 0.59 0.58 0.58 0.56 0.55 0.53 0.49

EGS 0.61 0.60 0.57 0.55 0.51 0.48 0.47 0.45 0.42 0.41

RP-PCA 0.14 0.10 0.10 0.10 0.09 0.09 0.09 0.09 0.09 0.09

RP-EGS 0.11 0.10 0.10 0.09 0.09 0.09 0.09 0.09 0.09 0.09

Panel B: FF 100 Sorted Portfolios (%)

PCA 0.80 0.87 0.83 0.79 0.81 0.76 0.73 0.74 0.70 0.71

EGS 0.63 0.42 0.31 0.27 0.26 0.23 0.23 0.22 0.23 0.25

RP-PCA 2.15 1.03 0.65 0.60 0.64 0.63 0.63 0.67 0.66 0.62

RP-EGS 2.24 0.52 0.37 0.45 0.43 0.39 0.46 0.52 0.52 0.58

Panel C: KNS 110 Sorted Portfolios (%)

PCA 0.69 0.80 0.75 0.73 0.74 0.68 0.67 0.68 0.67 0.71

EGS 0.53 0.36 0.31 0.30 0.31 0.31 0.33 0.34 0.35 0.37

RP-PCA 2.36 1.13 0.77 0.69 0.68 0.66 0.65 0.70 0.68 0.66

RP-EGS 2.41 0.61 0.41 0.54 0.48 0.45 0.54 0.61 0.62 0.69

Notes: the table reports the out-of-sample root-mean-squared (RMS) alpha when different types
of factors are used to price various test portfolios. Three sets of test portfolios are considered:
(i) the 53 managed portfolios from our study; (ii) Fama and French (2018) 100 sorted portfolios,
including 5 × 5 portfolios sorted by size/book-to-market, size/profitability, size/investment, and
size/momentum, respectively; and (iii) Kozak et al. (2018) 110 sorted portfolios, including decile-
1 and decile-10 portfolios based on 55 characteristics. The comparison includes PCA factors,
RP-PCA factors, and their combinations with the EGS framework (EGS and RP-EGS factors).
Following Lettau and Pelger (2020b), we set the parameter γ = 10.
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turns. Even after incorporating additional factors, the performance of RP-PCA factors
on other test assets is only comparable to that of PCA factors and remains well below
that of EGS factors. By contrast, the use of RP-EGS factors significantly improves the
explanatory power of RP-PCA factors for other test assets.

5 How Does EGS Improve Asset Pricing?

The EGS framework improves asset pricing through two primary mechanisms: (i) re-
ducing estimation error of factor loadings, and (ii) eliminating offsetting positions that
attenuate factor risk premia. To illustrate them, we use simple models to clarify how
sparsity and economic sign constraints can improve Sharpe ratios and reduce pricing
errors.

5.1 Reducing Estimation Error

We consider a stylized single-factor model for asset returns,

Xt = bft + et, t = 1, · · · , T, (17)

where ft is the common factor, b is a p × 1 vector of factor loadings, and et denotes
the idiosyncratic component. For normalization, we impose ∥b∥2 = 1. Assume µf :=
E[ft] > 0, σ2

f := Var(ft) > 0, E[et] = 0, Var(et) = σ2
eIp with σ2

e > 0, and Cov(ft, et) = 0.

Let b̂ ∈ Rp denote a generic unit-norm estimator of b, with ∥b̂∥2 = 1. This encom-
passes both PCA and EGS estimators. Define

θ := ∠(b̂, b)

as the angle between the estimated and true loading vectors. As shown below, two
primary out-of-sample measures of asset-pricing performance depend solely on this angle.

Out-of-sample Sharpe ratio.

Given an estimator b̂ and out-of-sample data Xt+1 = bft+1 + et+1, the estimated factor
realization at time t + 1 is

f̂t+1 = b̂′Xt+1 = ft+1 cos θ + b̂′et+1. (18)

where cos θ = b̂′b follows from the unit-norm normalization of b̂ and b. Conditioning on
b̂, the mean and variance of f̂t+1 are given by

E[f̂t+1|b̂] = µf cos θ, Var[f̂t+1|b̂] = σ2
f cos2 θ + σ2

e . (19)
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Therefore, the out-of-sample Sharpe ratio of the estimated factor is

SROOS(b̂) = µf cos θ√
σ2

f cos2 θ + σ2
e

= µf√
σ2

f + σ2
e/ cos2 θ

. (20)

Hence, any misalignment between b̂ and b, as captured by the angle θ, directly deterio-
rates the attainable out-of-sample Sharpe ratio.

Out-of-sample pricing error.

Our second performance measure is the out-of-sample root-mean-square (RMS) pricing
error (alpha). The out-of-sample pricing error for asset returns at time t + 1 is

αOOS(b̂) = E[Xt+1 − b̂f̂t+1|b̂] = µf (b − b̂b̂′b). (21)

The corresponding out-of-sample RMS alpha is

RMSOOS
α (b̂) =

√
∥αOOS(b̂)∥2

2
p

= µf√
p

sin θ. (22)

Hence, the magnitude of out-of-sample pricing errors is governed entirely by the angular
deviation between the estimated and true factor loading vectors.

PCA factors vs. EGS factors.

We consider a high-dimensional asymptotic regime in which both p and T grow large,
that is, (p, T ) → ∞. In the high-dimensional regime with p/T → κ ∈ (0, ∞), id-
iosyncratic noise substantially distort factor extraction, and standard PCA may fail to
consistently recover the factor direction. According to Johnstone and Lu (2009), the
angle between the PCA estimator b̂P CA and the true loading vector b converges almost
surely to a non-degenerate limit:

sin∠(b̂P CA, b) a.s.−−→


√

κ(w+1)
w(w+κ) , w >

√
κ,

1, w ≤
√

κ,
(23)

where w := σ2
f /σ2

e denotes the signal-to-noise ratio. Thus, PCA achieves only partial
recovery when the signal is sufficiently strong (w >

√
κ), and completely fails to recover

the factor direction when w ≤
√

κ, in the sense that b̂P CA becomes asymptotically
orthogonal to b.

In contrast, under the sparsity of the loading vector, sparsity regularization can help
recover the factor direction even in the high-dimensional setting. We assume that b is
sparse in the sense that the number of nonzero elements in b is small relative to p, say
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s = ∥b∥0 ≪ p. Existing theoretical results in the statistical literature (see, e.g., Corollary
8.12 in Wainwright (2019)) imply that, with an appropriate choice of the regularization
parameter, for some constant c0 > 0,

sin∠(b̂EGS , b) ≤ c0

√
w + 1

w2

√
s log p

T
(24)

with high probability approaching one. Consequently, even when p/T → κ ∈ (0, ∞),
sin∠(b̂EGS , b) p−→ 0 provided s log p/T → 0. This asymptotic distinction in angular
behavior translates directly into economically meaningful improvements in asset-pricing
performance. With probability tending to one,

SROOS(b̂EGS) > SROOS(b̂P CA), RMSOOS
α (b̂EGS) < RMSOOS

α (b̂P CA). (25)

5.2 Eliminating Offsetting Positions

In this subsection, we abstract from estimation error and isolate a distinct channel
through which EGS improves asset pricing. Even at the population level, PCA can
produce economically undesirable directions because it maximizes variance rather than
Sharpe ratio. In particular, PCA may load negatively (positively) on basis portfo-
lios with positive (negative) expected returns, thereby creating offsetting positions that
weaken the factor risk premium. We illustrate this mechanism with a simple example.

Consider a simple scenario with three basis portfolios and let Xt = (X1t, X2t, X3t)′ ∈
R3 denote their excess returns, with

µ = E[Xt] = (µ1, µ2, µ3)′, µ1, µ2, µ3 > 0, (26)

and covariance matrix

Σ =


σ2

1 σ12 σ13

σ12 σ2
2 σ23

σ13 σ23 σ2
3

 , σ2
1 > σ2

2 > σ2
3 > 0, σ12 > 0, σ13, σ23 < 0. (27)

Thus, the first two portfolios are positively correlated, while each of them is negatively
correlated with the third.14

Applying PCA to Xt, let the leading eigenvector of Σ be

bP CA = (b1, b2, b3)′, ∥bP CA∥2 = 1. (28)

Under the above covariance structure, the leading eigenvector has sign pattern (+, +, −),

14For example, in our empirical work, the managed portfolios corresponding to the market and the
momentum both have positive expected returns, yet they are negatively correlated.
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i.e., b1 > 0, b2 > 0, and b3 < 0 (up to normalization)15. Hence, the PCA factor loads
positively on the first two portfolios but negatively on the third. And the corresponding
PCA factor at time t + 1 is

fP CA
t+1 = bP CA′Xt+1. (29)

Asset pricing performance.

The expected return of the PCA factor is

E[fP CA
t+1 ] = b1µ1 + b2µ2 + b3µ3, (30)

and its variance is given by the largest eigenvalue of the covariance matrix Σ:

Var(fP CA
t+1 ) = λmax(Σ). (31)

The population Sharpe ratio of the PCA factor is therefore

SROOS(bP CA) = b1µ1 + b2µ2 + b3µ3√
λmax(Σ)

. (32)

This expression highlights that the PCA direction does not necessarily improve mean-
variance efficiency. In particular, because b3 < 0 while µ3 > 0, the third portfolio enters
the factor as an offsetting position: it lowers the risk premium of the factor while still
contributing to its variance. Consequently, the PCA factor may exhibit a relatively low
Sharpe ratio despite capturing a large fraction of return variation.

In addition, the pricing error associated with using fP CA
t as the factor is

αOOS(bP CA) = E[Xt − bP CAfP CA
t ] = µ − bP CAbP CA′µ. (33)

The corresponding root-mean-square (RMS) pricing error is

RMSOOS
α (bP CA) =

√
∥µ − bP CAbP CA′µ∥2

2
3

=
√

1
3

[
µ2

1 + µ2
2 + µ2

3 − (b1µ1 + b2µ2 + b3µ3)2]
. (34)

This expression highlights that the PCA direction does not necessarily align well with
the mean vector µ. In particular, because b3 < 0 while µ3 > 0, the third portfolio
enters the factor in a direction that works against the mean structure. As a result,
15To determine the sign pattern, define D = diag(1, 1, −1) and consider the transformed matrix

Σ̃ = DΣD. Under the assumed correlation structure, all entries of Σ̃ are strictly positive. By the
Perron–Frobenius theorem, the eigenvector associated with its largest eigenvalue can be chosen to be
strictly positive. It then follows that the leading eigenvector of Σ has sign pattern (+, +, −) up to
normalization.
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the projection of µ onto the PCA span may be limited, so the PCA factor does not
necessarily deliver a small pricing error, despite capturing a large fraction of return
variation.

Role of economic constraints.

By contrast, the economic sign constraint in EGS requires

biµi > 0, i = 1, 2, 3. (35)

Since µi > 0 for all i, this reduces to bi > 0 for all i. Clearly, the PCA factor with
sign pattern (+, +, −) violates this condition. EGS incorporates additional economic
information to eliminate directions that maximize variance by shorting portfolios with
positive expected returns (in this example, the third portfolio).

By ruling out such offsetting positions, the economic constraint improves asset-
pricing performance along both dimensions. It increases the factor risk premium while
avoiding unnecessary variance contributions, thereby delivering a higher Sharpe ratio
than the PCA factor. At the same time, it aligns the factor loading vector more closely
with the mean vector µ, thereby increasing b′µ and lowering RMS pricing errors. In this
sense, EGS replaces variance-maximizing directions with economically aligned ones that
better reflect the mean-variance tradeoff of the underlying portfolios.

6 Conclusion

We develop an EGS factor framework that bridges the gap between latent and ob-
servable factor approaches in empirical asset pricing. While traditional latent factor
approaches such as PCA and IPCA excel at capturing return comovement, they often
lack economic interpretability and deliver “unpriced” factors. Observable factors, in
contrast, offer more economic interpretability but may fail to span the full return space
and suffer from high dimensionality. By introducing sparsity into PCA with economic
guidance—favoring long (short) positions in characteristic-managed portfolios with pos-
itive (negative) expected returns—we construct factors that are both interpretable and
statistically robust. Our EGS factors aim to strike a compelling balance among three key
dimensions: economic interpretability, the ability to capture time-series co-movement,
and explanatory power for the cross-section of expected returns.

Empirically, in the U.S. equity market, the first EGS factor corresponds to the
equal-weighted market portfolio, while the remaining factors align with momentum,
liquidity-profitability, short-term reversal/dividend omission, value, and R&D themes.
They lie closer to the mean-variance efficient frontier, deliver higher Sharpe ratios, and
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explain a larger share of cross-sectional variation with fewer, more meaningful character-
istics. In addition, these factors exhibit differential sensitivities to economic recessions,
suggesting that they capture distinct dimensions of systematic risk. Our EGS factors
produce significantly lower pricing errors in out-of-sample evaluations, whether applied
to individual stocks or classic test portfolios.

Our approach mitigates overfitting in both factor construction and risk premium es-
timation, offering a unified and economically disciplined lens on the stochastic discount
factor. This doubly sparse approach advances the goal of building a low-dimensional,
economically meaningful representation of asset pricing.
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Appendix A A Conditional Factor Model Perspective

We can also describe the EGS factors from the perspective of a conditional factor model.
Consider the following conditional latent factor model for individual stock returns:

ri,t = αi,t−1 + β′
i,t−1ft + ei,t, i = 1, . . . , N, t = 1, . . . , T, (A.1)

αi,t−1 = a′zi,t−1 + eα,i,t−1, βi,t−1 = B′zi,t−1 + eβ,i,t−1, (A.2)

where ri,t is the excess return of stock i in month t, and zi,t−1 is a p × 1 vector of
characteristics which includes a constant term. The model describes a conditional factor
structure of the return by leveraging characteristics. Specifically, (A.1) decomposes the
return into three components: i) the time-varying pricing error αi,t−1; ii) the time-
varying risk compensation βi,t−1ft, where ft is a K × 1 vector of latent risk factors and
βi,t−1 is a K×1 vector of risk exposures; iii) the idiosyncratic noise ei,t. (A.2) decomposes
the pricing error and risk exposures into two parts: i) the informative parts a′zi,t−1 and
B′zi,t−1 that are explained by the characteristics, where a and B are p × 1 vector and
p × K matrix of unknown coefficients; ii) the noisy parts eα,i,t−1 and eβ,i,t−1 that are
not accounted for by the characteristics, i.e., they are orthogonal to the characteristics.
Consequently, the model allows for distinguishing between the “risk” and “mispricing”
explanations of the role of characteristics in predicting returns, thereby resolving the
ongoing “characteristics versus covariance” debate (Daniel and Titman, 1997).

By substituting (A.2) into (A.1), we obtain the following expression:

ri,t = z′
i,t−1a + z′

i,t−1Bft + εi,t. (A.3)

Here, εi,t ≡ ei,t + eα,i,t−1 + e′
β,i,t−1ft represents the composite noise. Let Rt ≡ (r1,t, · · · ,

rN,t)′, Zt−1 ≡ (z1,t−1, · · · , zN,t−1)′, and Et ≡ (ε1,t, · · · , εN,t)′ be the stacked vector/martrix
of returns, characteristics, and composite noises of all stocks in month t, which collec-
tively form one cross-section. Then we may write (A.3) in a matrix form:

Rt = Zt−1a + Zt−1Bft + Et. (A.4)

Applying Fama-MacBeth regressions to (A.4) allows us to transform the conditional
factor model into an unconditional form:

Xt = (Z ′
t−1Zt−1)−1Z ′

t−1Rt = a + Bft + E∗
t+1, (A.5)

where E∗
t+1 := (Z ′

tZt)−1Z ′
tEt+1. Since E∗

t+1 is negligible due to the law of large numbers,
performing PCA on Xt provides an estimation of the conditional factor model. This in
turn allows us to enhance the estimation by using our EGS factors.

From the perspective of conditional factor models, in addition to estimating the EGS
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factors f1, · · · , fT and factor weights B̂ (see Section 2), we can also estimate the pricing
error coefficient a:

Since X̄ ≈ a + Bf̄ where f̄ =
∑T

t=1 ft/T , imposing a′B = 0 allows us to estimate a

as:

â = (Ip − B̂B̂′)X̄. (A.6)

Appendix B Dataset of Characteristics

We require a set of stock characteristics to construct the managed portfolios. The initial
dataset is sourced from Chen and Zimmermann (2022). As discussed in the main text,
we first remove 53 characteristics with severe missing values. However, directly inputting
the remaining 159 characteristics into the cross-sectional regressions is still impractical
for two main reasons. First, many of these characteristics lack (independent) pricing
information and may capture unpriced risk. Including a large number of such variables
in the regression would introduce substantial noise, potentially obscuring the true pricing
factors. Second, many of these characteristics exhibit high correlation with one another,
which could lead to multicollinearity and inflate the variance of the managed portfolios.
Both issues pose challenges for the construction of the EGS and other latent factors. To
address these challenges, we implement the following three-step procedure to filter out
irrelevant stock characteristics:

First, we exclude characteristics that lack pricing information. Specifically, We run
simple Fama-MacBeth regressions on each characteristic and remove those that are
statistically insignificant (t < 1.96). Including a large number of such characteristics in
the cross-sectional regressions would add substantial noise to managed portfolios.

Second, we eliminate characteristics that cause multicollinearity. Many character-
istics derive from related financial or trading items and convey similar firm-specific
information, leading to high inter-correlations. This can induce multicollinearity in the
cross-sectional regressions, inflating the variance of the managed portfolios. Figure B.1
illustrates the pairwise correlations among the 159 characteristics, highlighting several
clusters of highly correlated variables. Within each cluster, we run multivariate Fama-
MacBeth regressions. If only one characteristic demonstrates statistical significance and
preserves its sign, we retain it and remove the others. This phenomenon, where a char-
acteristic “absorbs” the effects of others in the cluster, is also documented by Fama and
French (1992), which shows that the book-to-market ratio absorbs the effects of other
valuation ratios. If no characteristic dominates, we select the most significant variable
from the simple Fama-MacBeth regressions, representing the strongest signal.

Third, we remove characteristics that fail to provide independent information. As
noted by Cochrane (2011) and Green et al. (2017), many of the characteristics in the so-
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called “zoo” capture overlapping and redundant information. Including a large number
of such characteristics in multivariate regressions would also introduce substantial noise.
To mitigate this issue, we employ multivariate Fama-MacBeth regressions in a stepwise
manner, systematically eliminating redundant characteristics. At each step, we follow
a clear process: (i) remove any characteristic that fails to preserve its sign, as this sug-
gests misalignment with economic meaning, or (ii) if no such characteristic is identified,
eliminate the least statistically significant variable. This process is repeated until all
remaining characteristics are both consistent with economic meaning and statistically
significant.
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Notes: The figure illustrates the pairwise correlation among 159 characteristics. Color intensity reflects
the strength of these correlations: redder grids represent more positive correlations, while bluer grids
signify more negative correlations. The characteristics have undergone agglomerative hierarchical clus-
tering to reveal underlying patterns.

Figure B.1. Correlations among Characteristics
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Appendix C Factor Predictability

We assess the predictive ability of the different types of factors using the out-of-sample
predictive R2. The out-of-sample predictive R2 for managed portfolios is defined as
follows:

Out-of-sample predictive R2 = 1 −
∑p

j=1
∑T

t=121 (xt,j − b̂
(t−1)′
j µ̂t−1)

2∑p
j=1

∑T
t=121 x2

t,j

(C.1)

where µ̂t−1 =
∑t−1

τ=t−120 fτ represents the time-series average of the factors, representing
the factors’ risk premium.. Since EGS, PCA, and IPCA factors can also be viewed as ex-
tracted from conditional factor models, they are capable of explaining individual stocks
as well. Therefore, we also measure their out-of-sample predictive R2 for individual
stocks:

Out-of-sample predictive R2 = 1 −
∑N

i=1
∑T

t=121 (ri,t − β̂
(t−1)′
i,t−1 µ̂t−1)

2∑N
i=1

∑T
t=121 r2

i,t

(C.2)

where β̂
(t−1)′
i,t−1 = B̂(t−1)′zi,t−1 represents the dynamic loadings of each stock on the factors.

To mitigate the impact of extreme values, we include only stocks with out-of-sample data
points exceeding 120 months. The results are presented in Table C.I. Not surprisingly,
our EGS factors outperform other latent and observable factors in terms of out-of-sample
predictive ability, whether for predicting managed portfolios or for predicting individual
stocks.
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Table C.I. Out-of-sample predictive R2 (%)

K

1 2 3 4 5 6 7 8 9 10

Panel A: Managed portfolios

EGS 0.08 0.22 0.48 0.71 1.10 1.26 1.51 1.69 1.91 2.15

PCA 0.00 -0.01 -0.10 0.13 0.11 0.13 0.22 0.30 0.46 0.84

IPCA -0.32 -0.25 -0.20 -0.11 0.01 0.35 0.66 1.04 1.12 1.32

Observable -0.34 -0.18 -0.64 -0.24 -0.40

Panel B: Individual stocks

EGS 0.09 0.30 0.26 0.22 0.32 0.31 0.33 0.36 0.36 0.39

PCA 0.24 0.22 0.19 0.18 0.16 0.17 0.16 0.14 0.13 0.10

IPCA 0.25 0.19 0.18 0.17 0.19 0.16 0.13 0.19 0.18 0.20

Notes: the table presents the out-of-sample predictive R2s for different types of factors. The
comparison for predicting managed portfolio returns includes: (i) EGS, PCA, and IPCA factors,
across various number of factors (K); and (ii) observable factors, including the CAPM, FF3,
Q4, FF5, and FF6 models, corresponding to K = 1, 3, 4, 5, 6, respectively. The comparison for
predicting individual stock returns includes only (i), as these factors can be viewed as derived
from conditional factor models, which are specifically designed for explaining individual stocks.
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