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Abstract

We compare factor pricing models using the “test-asset irrelevance” result of Barillas and
Shanken (2017) but under regime switching. We show that the unconditional squared Sharpe
ratio measure is no longer appropriate for model comparison when returns are subject to
regime shifts. However, conditional on a given regime, model comparison can be performed
using the conditional squared Sharpe ratio metric. We find that the Fama and French (2018)
six-factor model that employs a cash-based profitability factor, the Barillas and Shanken
(2018) six-factor model, and the Stambaugh and Yuan (2017) four-factor model are jointly
the best-performing models under the bull regime. But no model performs significantly
better than others under the bear regime. Importantly, these findings are robust to regime
uncertainty. We also find that unconditional model rankings closely mirror those in bull
markets, overstating the superiority of the models identified as best-performing in expansions
by ignoring the performance convergence across models that emerges in downturns. This

underscores the importance of evaluating factor models conditional on market regimes.
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1. Introduction

Explaining differences in expected returns on assets lies at the core of modern finance. This long-
standing pursuit has led to the proliferation of a large number of factor models in the literature
(Cochrane, 2011; Harvey et al., 2016). A popular approach to comparing these models entails a
horse race in explaining test-asset returns (see, for example, Ahmed et al., 2019). However, this
approach can produce conflicting conclusions depending on the choice of test assets. To address
this limitation, Barillas and Shanken (2017) show that when factors are traded portfolios, test
assets become redundant and models can be ranked by the squared Sharpe ratios of their factor
portfolios. Extending this work, Barillas et al. (2020) show how to conduct asymptotically valid
tests of model comparison by using the squared Sharpe ratios from portfolios of tradable factors.
But their framework assumes a linear relationship between test-asset and factor returns.
Another strand of literature documents the existence of stock market regimes during which
equity prices persistently rise or fall (see, for example, Guidolin and Timmermann, 2005; Hamil-
ton and Susmel, 1994; Turner et al., 1989). Financial analysts and investors frequently classify
market fluctuations into bull and bear markets. The bull regime generally exhibits higher mean
returns and lower volatility, whereas the bear regime is characterized by lower mean returns
and higher volatility (Maheu and McCurdy, 2000). A common approach to capturing such
regimes over time is to use Markov-switching models (see, among others, Ang and Bekaert,
2002a,b; Guidolin and Timmermann, 2005, 2007, 2008a,b; Tu, 2010, and the references therein).
A Markov-switching model allows the data to be drawn from two or more possible regimes and
is well-suited to explaining the temporal and distributional properties of asset returns.
Motivated by the insights from the extant regime-switching literature, this paper formally
compares factor pricing models using the “test-asset irrelevance” argument put forward by Bar-
illas and Shanken (2017), but under a more realistic regime-switching data generating process
(DGP). In doing so, we first show that in asset pricing models where factor exposures and
return distributions vary across regimes, unconditional tests may fail to validate models that
correctly price assets within each regime, that is, models for which asset alphas are zero in every
regime. This phenomenon is consistent with Hansen and Richard (1987), who demonstrate that
asset pricing models are intrinsically conditional and that empirical tests based on unconditional

moments can obscure valid pricing relationships.! A nonzero unconditional alpha may reflect

'Hansen and Richard (1987) define conditioning information broadly as encompassing any information avail-
able to agents at the time of trading. In our framework, conditioning is implemented with respect to a latent
regime that governs the structure of the data. Although the regime itself is not directly observed, agents are
assumed to form beliefs about it using available signals, such as variables correlated with the regime or forecasts
of its realization. These signals are available to agents at the time of trading and therefore belong to their
information set, even if they are not directly observed by the econometrician. Thus, our conditional tests are



informational misspecification rather than model failure and model comparison using the uncon-
ditional Sharpe ratio can be misleading. Therefore, asset pricing models under regime switching
should be tested and compared by conditioning on the regime (for example, bull or bear) to
ensure that model restrictions are not merely artifacts of omitted regime dynamics.

To operationalize this insight, we develop asymptotically valid tests for model comparison
that explicitly condition on regimes. These conditional tests provide a robust framework for
comparing factor pricing models in the presence of state-dependent dynamics. A Monte Carlo
simulation analysis suggests that the tests perform well for the sample sizes typically encountered
by researchers in empirical work. In contrast, unconditional tests inherit the empirical mixture
of regimes, producing rejection patterns that depend on which state dominates the sample. This
reinforces the need for state-conditional evaluation, under which a model’s economic content is
assessed by its regime-specific pricing performance rather than by an unconditional mixture that
may conflate states and induce spurious mispricing.

After establishing the necessary asymptotic results, we formally compare the seven popular
new-generation asset pricing models that were considered in Ahmed et al. (2019) and Detzel et al.
(2023). The set of models includes: the Fama and French (2015) five-factor model; the Fama
and French (2018) six-factor model; the Fama and French (2015) five-factor model that employs
the cash-based operating profitability factor instead of the standard accruals-based operating
profitability factor; the Fama and French (2018) six-factor model that replaces the accruals-based
operating profitability factor with the cash-based operating profitability factor; the Hou et al.
(2015) four-factor model; the Barillas and Shanken (2018) six-factor model; and the Stambaugh
and Yuan (2017) four-factor model. We confine our empirical examination to these models
because they have remained the workhorse models, if not the best-performing models, over the
years. In fact, almost all of the models under investigation have become academic standards
and are frequently used for risk-adjustment purposes in the asset pricing literature (see, among
others, Ahmed et al., 2023; Bali et al., 2016; Hirshleifer et al., 2018, and the references therein).

Our preliminary empirical analyses show: (i) clear evidence of regime switching in factor
returns and squared Sharpe ratios of competing models; and (ii) evidence that highlights the
economic importance of incorporating regime shifts when comparing models. Using pairwise con-
ditional squared Sharpe ratio equality tests and a multiple-model comparison test, we find that
the Fama and French (2018) six-factor model employing the cash-based operating profitability
factor, the Barillas and Shanken (2018) six-factor model, and the Stambaugh and Yuan (2017)

four-factor model are the best models conditional on the bull regime. However, conditional on

consistent with Hansen and Richard’s emphasis on the informational structure underlying asset pricing.



the bear regime, we find that the considered models perform about the same. These results
remain robust when we use a bootstrap procedure to account for state uncertainty. We also find
that no model performs better than other models when conducting out-of-sample testing.

Consistent with the dominant-regime contamination pattern documented in our simulations,
unconditional squared Sharpe-ratio rankings closely mirror the rankings obtained within the
bull regime. In particular, under the single-regime (unconditional) evaluation, the Fama and
French (2018) six-factor model that employs cash profitability, the Barillas and Shanken (2018)
six-factor model, and the Stambaugh and Yuan (2017) four-factor model appear statistically
indistinguishable and rank as the best-performing models. Because bull markets are far more
frequent and persistent in the sample, unconditional moments overweight this state and largely
ignore bear regime performance. As a result, unconditional model rankings lean toward bull
regime assessments, making models that perform well in market expansions appear superior
even when they add little incremental performance in market downturns, precisely when risk
compensation and factor premia matter most.

To shed more light on why some of our competing models outperform others in the bull
regime, while all models perform similarly and poorly in the bear regime, we examine how
individual factors shape the Sharpe ratio and volatility of each model’s tangency portfolio across
states. We find that a subset of factors retains economically meaningful premia during market
downturns. These include the investment-related factors of the Fama and French factor models
and the Hou et al. (2015) four-factor model, and the management-related mispricing factor of
the Stambaugh and Yuan (2017) four-factor model. As a result, optimal factor portfolios across
all models place their largest weights on these same factors in the bear regime, while in the bull
regime weights are far more dispersed and many factors exhibit significant premia. Moreover,
these few factors account for a large share of both return and volatility contributions of the
portfolios in the bear regime, leading to a similar risk-adjusted performance across models. This
concentration naturally explains why models become difficult to distinguish in the bear regime
but differ more substantially in the bull regime.

Our paper makes three contributions to the literature on factor pricing models. First, we
bridge the regime-switching and asset pricing literatures by formally comparing models under the
more realistic regime-switching environment. Second, we show that the unconditional squared
Sharpe ratio, as suggested in Barillas and Shanken (2017) and Barillas et al. (2020), is not
an appropriate metric for model comparison when asset returns are subject to regime shifts.
However, conditional on a given regime, asymptotically valid model comparison tests can be

performed by using the conditional squared Sharpe ratio measure. In this regard, we provide



the asymptotic distributions of the test statistics for comparing nested and nonnested models.
Third, our empirical results show that the factor pricing model preferred in the conventional
single-regime setting does not outperform competing models during stock market downturns.
We further provide a decomposition that explains why this convergence in model performance
emerges within a regime-switching evaluation of the new-generation factor pricing models.

Studies that are closely related to this paper include Barillas and Shanken (2017) and Barillas
et al. (2020), which put forward the “test-asset irrelevance” argument and develop asymptoti-
cally valid tests for model comparison based on the unconditional squared Sharpe ratio measure,
respectively. Our paper differs from these studies in that we complement the “test-asset irrel-
evance” argument with the regime-switching framework and focus on the conditional squared
Sharpe ratio metric to compare models. Moreover, we compare factor models while accounting
for regime uncertainty as well as out-of-sample. Recently, Massacci et al. (2026) estimate a
conditional latent factor model with state switching and show that it outperforms unconditional
specifications in goodness-of-fit. While they focus on estimating latent factor premia and state
thresholds, we concentrate on comparing the relative performance of existing observable factor
models across regimes. Our paper is also related to Tu (2010), who analyses the role of asset
pricing models in portfolio decisions under regime switching within a Bayesian framework. In
contrast, we adopt a frequentist approach to identify which factor model performs best in bull
and bear regimes, an approach that is well-suited to our objective of comparing models based on
statistically significant differences in pricing performance. Other studies broadly related to our
paper include Guidolin and Timmermann (2005), Guidolin and Timmermann (2008a), Maheu
and McCurdy (2000), Maheu et al. (2012), and Turner et al. (1989), which employ regime-
switching models to analyze bull and bear markets but do not compare models as we do.

The remainder of this paper is organized as follows. Section 2 discusses model comparison
with squared Sharpe ratios, outlines the Markov regime-switching framework, and offers the
asymptotic distributions of the test statistics for model comparison. Section 3 describes the
factor pricing models and presents our main empirical findings. Finally, Section 4 concludes the
paper. For the sake of a concise discussion, details on assumptions, technical lemmas, proofs,

simulations, and supplementary results are all relegated to the Internet Appendix.

2. Model comparison with squared Sharpe ratios

Suppose we have N risky test assets and r; denotes an N-vector of excess returns (over the
risk-free rate) on those assets at period t (=1,...,T). Let f; denote the K-vector of (monthly)

returns on portfolio-based factors. A factor model, M, for r; can be represented by the following



multivariate regression:

ry = a+ Bf + e, (1)

where « is an N-vector of asset mispricing, 5 is an N x K matrix of factor loadings (betas),
and &; is an N-vector of regression disturbances. The disturbances are usually assumed to
be independent and identically distributed (i.i.d.) with mean zero and nonsingular covariance
matrix 3. A classic metric for evaluating the fit of the factor pricing model is the Sharpe ratio
improvement metric that is central to the Gibbons et al. (1989) test of whether a given portfolio

is efficient. The metric is a quadratic form in the test-asset alphas:
oS a = ShA(f,r) — Sh*(f), (2)

where Sh?(-) denotes the maximum squared Sharpe ratio obtainable from a portfolio constructed
by investing in the assets whose returns are given inside parentheses.? If the model is correctly
specified, then a = Oy, where O is an N-vector of zeros, and thus Sh?(f,r) = Sh2(f).
Barillas and Shanken (2017) address the issue of comparing different model specifications
under the above metric and show that when the factors are traded portfolios, the preferred
model will be the one whose factors permit the highest squared Sharpe ratio to be achieved.
The test assets drop out of the analyses and are, therefore, irrelevant for factor model comparison
(Barillas and Shanken, 2017). To understand their argument, consider two models, A and B,
that consist of the traded factors f; and fo, respectively. If the test assets are augmented with

the factors, according to the metric in Eq. (2), A is a better model than B if

SE*(f1, fa,r) = SK*(f1) < Sh*(f1, fa,7) — Sh*(f2). (3)

This is identical to the direct comparison of the model squared Sharpe ratios, that is, A would

have “less mispricing” than B if

Sh*(f1) > Sh*(f2). (4)

Note that this approach to comparing factor pricing models is based on the crucial assumption
that the relationship between the test-asset and the factor returns is linear. However, there is
ample evidence in the literature that asset returns often experience shifts in either their level or
variance, or both (see, for example, Ang and Bekaert, 2002a,b; Hamilton, 1989; Hamilton and
Lin, 1996; Turner et al., 1989). A common approach to capturing such shifts over time is to

employ Markov-switching models (see, among others, Ang and Bekaert, 2002a,b; Guidolin and

2In this case, the F-statistic is proportional to the statistic obtained by substituting the sample quantities in
Eq. (2) and dividing by 1 plus the sample estimate of Sh?(f) (see Gibbons et al., 1989).



Timmermann, 2005, 2007, 2008a,b; Maheu and McCurdy, 2000; Tu, 2010, and the references
therein). Motivated by the insights from the regime-switching studies in the existing literature,
the next section extends the multivariate regression in Eq. (1) to a multivariate regime-switching

model, by allowing for the parameters «, 5, and X to vary across L regimes.

2.1 The regime-switching model

To fix ideas, let y; = (v}, /)’ € R¥+K and consider a random variable, s;, that at each period
t takes on an integer value in {1...,L}. We model {s;} as a finite-state Markov process with
transition matrix P. To keep the exposition less technical, the necessary regularity conditions
that ensure stationarity and ergodicity are collected in Assumption IA1 of the Internet Appendix.
Conditional on a particular value of s¢, the observed value of 4 is assumed to follow a multivariate

normal (MV N) distribution, that is,
Ye | s¢ ~ MVN (:U‘y,sw V;J,St) > (5>

where gy 5, = E(y; | 1) € RNTE and V5, := Var(y, | s;) € RWHIXWV+E) - denote the state-
dependent mean and covariance matrix, respectively; and := denotes “is defined as”. Note that

Hy,s, and Vs, can be partitioned as

Vi Vi
ey = Hor,sy and V., = TSt fise ' (6)

[of,s0 Virse Vits

Under this specification, the distribution of r; conditional on f; and s; is also normal and its

conditional mean is a linear function of f;, that is,

Tt | fta sg~N </«4r,st + erf,stvf_f}St [ft - /«Lf,st] 7‘/7'7",& - V;‘f,stvf_fylStVfr,st) . (7)
Thus, the nonlinear analogue of the factor model in Eq. (1) can be expressed as

Tt = Qg + Bst ft + Vlé-?stﬁt, (8)

T

where as,, Bs,, Vifosps Hy,s, and Vy, 5, obey the relationships

gy = Mpsy — ﬁstlu'f,sw 651& = Tf75tvf},15t’ ‘/""f’st - V;"Tvst B V;ﬂst Vf}vlst Vfr,s“ (9>



and € is a standard normal random vector that is independent of s;. Using these quantities,

and conditioning on a generic realization s; = ¢, it is straightforward to show that

Shi (f,r) = M;,evy}lﬂy,é = M},evf},leﬂf,f + aé‘/;"_f];fae' (10)

It follows from Eq. (10) that the extent of model mispricing within each state can again

be measured as a quadratic form in the alphas and it is equivalent to the improvement in the
conditional (that is, state-dependent) squared Sharpe ratio. Therefore, conditional on a partic-
ular regime, one can still conduct asymptotically valid tests of model comparison but using the
conditional squared Sharpe ratio (see Section 2.2). However, this equivalence does not generally
extend to the unconditional setting when returns are subject to regime shifts. The following
proposition shows that the unconditional alpha, defined as the deviation of the unconditional
expected return from the unconditional factor pricing relation (that is, o in Eq. (1)), is not sim-
ply the average of regime-specific alphas. Instead, it includes an additional term that captures
the effect of regime-dependent betas and factor means. Consequently, the unconditional Sharpe
ratio improvement can no longer be interpreted as a measure of mispricing when returns exhibit

regime dependence.

Proposition 1. Let Assumption IA1 in the Internet Appendiz hold. Given the multivariate

regression in Eq. (8), we have

a:ﬁr_ﬁﬁf

=a+ 7, (11)

where [i, and [iy denote the first and second blocks, respectively, of [iy := E(y;); B = fof/f}l,-
a = Zé::l QT Y = Zf;l(ﬁg — B)pfeme; oo and By are defined as in Eq. (9); 7y denotes the
stationary (long-run) probability of regime £; and ‘N/Tf and ‘N/ff are the top-right and bottom-right
blocks, respectively, of ‘N/y = Var(y).

As a result, the Sharpe ratio improvement metric defined in Eq. (2) can be expressed as

SK*(f,r) = SK*(f) = (@ + )V, (@ +7), (12)

re

where IN/T.f = ‘7}7« — ,817ff,8’, and ‘N/TT and Vfr are the top-left and bottom-left blocks,respectively,
of ‘N/y.

Proof. See Internet Appendix IA.1. |



The above result suggests that in models where factor exposures and return distributions
vary across regimes, testing the restrictions implied by these models based on unconditional
moments can lead to incorrect inference. Specifically, even if a model’s restriction holds within
each regime (that is, ay = 0), the unconditional alpha, & + 7, may be nonzero due to the
interaction between regime-dependent betas and factor means. This insight aligns with Hansen
and Richard (1987), who emphasize the distinction between conditional and unconditional asset
pricing tests. They demonstrate that a return may lie on the conditional mean-variance frontier
but not on the unconditional frontier if conditioning information is ignored, as omitting such
information introduces a bias. Hansen and Richard (1987) also stress that asset pricing models
are intrinsically conditional, since agents make decisions based on information available at the
time of trading, whereas empirical tests often rely on unconditional moments that omit this
conditioning structure. Thus, models that are valid within each regime may be rejected when
evaluated unconditionally. To mitigate this issue, asset pricing models with a regime-switching
structure should be tested within a consistent informational context, avoiding biases that arise
from aggregating across heterogeneous regimes.

These implications extend directly to the broader task of comparing asset pricing models.
As Hansen and Richard (1987, p. 604) note, “. .. conditioning down per se does not prevent one
from distinguishing between models of asset prices . ..the omission of payoffs can result in statis-
tical tests that are not powerful against particular families of alternative models.” This insight
is directly relevant to Eq. (12), which shows that the unconditional Sharpe ratio improvement
can be misleading when regime-dependent dynamics are present. In particular, when v # Oy,
one may obtain Sh2(f,r) # Sh2(f) even if all regime-specific alphas are zero. A numerical
illustration in Section TA.2.1 of the Internet Appendix confirms this graphically, showing that
the unconditional squared Sharpe ratio improvement can be sizable even when there is no model
mispricing in any regime. Moreover, in line with Hansen and Richard (1987), the Monte Carlo
simulation results in Section [A.2.2 indicate that unconditional tests inherit their effective power
from the prevailing regime. Rejection rates are high when the regime in which models differ dom-
inates the sample and low when the regime in which models coincide prevails, illustrating how
conditioning down can mask state-dependent alternatives. This dominant-regime contamination

pattern provides the rationale for using conditional tests, which the following sections develop.

2.2 Statistical tests for pairwise model comparison

In the previous section, we conclude that model comparison using squared Sharpe ratios is

not necessarily appropriate when test-asset and factor returns are subject to regime shifts over



time. However, from Eq. (10), we can see that one can still compare models conditional on a
particular regime using conditional squared Sharpe ratios. In fact, as in the analysis of Barillas
et al. (2020), when the factors are traded portfolios, test assets become irrelevant and models
can be compared using only the conditional squared Sharpe ratios attainable from the set of
factors that comprise each model. Thus, in this section we introduce tests for the equality of
conditional squared Sharpe ratios for two competing factor models and provide the asymptotic
distributions of the test statistics. The results rely on the fact that the conditional squared
Sharpe ratio is a smooth function of the parameters u,, and V¢ of the model specified by
Eq. (5). In Section IA.1 of the Internet Appendix, we define the estimators of these parameters
and analyze their asymptotic distributions in Lemma [A2. Since test assets are irrelevant, we
concentrate on the vector f;, which we redefine here as the set of factors of any two competing
models. For notational convenience, we also write V}, to denote the covariance matrix of f; in
state £, replacing the earlier notation V.

As in Barillas and Shanken (2017) and Barillas et al. (2020), we differentiate between nested
and nonnested models. By nested models, we refer to the case where the factors in one model
are all contained in the other model and by nonnested models we refer to the case where each
model contains factors that are not included in the other model. Consider first the scenario
where there are two competing models and one of these models nests the other. Specifically,
let A be an asset pricing model with traded factors fa; = fi; and B be an asset pricing model
with traded factors fpy = (f1; f4)’, so that model B nests model A. fi; and for are K;- and

Ks-vectors, respectively.

Proposition 2. Let Assumption IA1 in the Internet Appendiz hold. The mazximum conditional
squared Sharpe ratio attainable from the set of factors for model B, Sh?(fB), satisfies the fol-

lowing decomposition.:

Shi(fB) = Shi(fa) + aly Vi ez e, (13)

where a1 = fog — V21,evﬁ}gl~61,z, Voo = Voae — ‘@1,2‘/111(‘/12,2; pie = E(filst = £), and
Vijo := Cov( fir, fielse = £), fori,j =1,2.

Proof. See Internet Appendix IA.1. |

It can be seen from the above result that Sh2(fg) > ShZ(fa) if and only if as1s # Ok,.
Therefore, consistent with the result in Proposition 1 of Barillas and Shanken (2017, p. 1321)
for nested models, to test whether in a given state model B is preferred to model A, we need
only to focus on testing the research hypothesis that the excluded factors’ alphas in this state

are different from zero.



To simplify notation, let S h? =8 h%( fi), fori = {A, B}. We propose the following estimator
for gy ¢:

~ ~ 5 S5—1~
Qa1 = 2,0 — Va1,6Viq gl e, (14)

where [is ¢, Va1, Vi1, and [i1 ¢ are the maximum likelihood estimators of 2 ¢, Va1 ¢, Vi1, and

1, respectively.

Proposition 3. Under the conditions in Lemma IA2 of the Internet Appendiz, as T — o0, we

have

VT (G210 — a210) = N(Oxy,m, " (14 ShZ ) Vo), (15)
for every € in {1,..., L}, where = denotes convergence in distribution.
Proof. See Internet Appendix IA.1. |

Therefore, to compare the two models within a given state, we can test Hy : a1 = Ok,

versus Hy : agy ¢ # Ok, using the following test statistic:

~ ~/ S5—1 ~
Wo‘zl,evzq,éaﬂ,f

-2
1+ Shiy,

ore =T ; (16)

—~2 A~
where Shy , = i Z‘/ﬁlzﬁl,g and 7, is a consistent estimator of 7y (see Lemma IA2 of the Internet
Appendix). Note that when 7, = 1 for a single ¢, the test statistic corresponds asymptotically
to that of Gibbons et al. (1989). Under the null hypothesis, the statistic satisfies

OTe = Xity» (17)

as T — 0.

However, comparing nonnested models is more involved. Consider, for example, a situation
in which model A consists of traded factors, fa; = (f{, f3)" and model B consists of traded
factors fgr = (f1, f})", where fs3 € RE3 and fi; and fo are as before. Obviously, the mod-
els are nonnested but have overlapping factors. In fact, it can be seen that both models are
nested in a model with factors f; = (f1;, fo;. f4,)’. Thus, using the result in Proposition 2, it is
straightforward to show that if asy ¢ = Ok, and ag1 ¢ = Ok,, where aszy is defined similarly to
@21, then Sh?u = S’hZB,Z. The hypothesis Ho : ay = Og, + 15, Where oy = () 4, a3, )’ can be
tested using a statistic similar to the one specified in Eq. (16), with V5.1 appropriately redefined.
However, note that even if the spanning condition does not hold (that is, ay # O, + K5 ), the two

maximum conditional squared Sharpe ratios, S hi?f and S hQBj, can still be equal. In this case,

10



one can directly test whether S h2A ;=95 hQB ¢, using the following asymptotic result.

Proposition 4. Under the conditions in Proposition 3, the limiting distribution of the difference

~2 ~2
in sample conditional squared Sharpe ratios, Shy , and Shg,, is given by
VI (88— 5]~ [89— 85,1) — N(0.77"Van). 0s)
forall £ in {1,..., L}, where

Vapye = 25h% (24 Sh% ) +2Shh, (2 + Sh ) — 4paBeShaeShpe (2 + papeShaeShey)
(19)
and pap, s the correlation between the returns on the maximum conditional Sharpe ratio port-

folios of far and fp; in state L.

Proof. See Internet Appendix IA.1. |

The asymptotic variance, Vap s, in Eq. (19) forms the basis for the comparison of nonnested
factor models using the direct test. The asymptotic result breaks down if Sh?M = ShQBj = 0.
Therefore, for the distribution to be non-degenerate, we require at least one of the population
conditional squared Sharpe ratios to be different from 0. In addition, V4p ¢ depends on pag.e,
the correlation between the returns on the maximum conditional Sharpe ratio portfolios of the
factors of models A and B. When psapy = 1, the two maximum conditional Sharpe ratio
portfolios are identical and the asymptotic result breaks down again, since Vap, = 0. On the
other hand, when p4p ¢ = 0, the asymptotic variance simplifies to Vap s = Shiw (4 + 25h3‘7£> +
S hQBj (4 + 28 hQB7€>. Finally, when there is no regime switching in the data (that is, 7, = 1 for a
single £), the limiting distribution in Eq. (18) coincides with the limiting distribution in Lemma 1

of Barillas et al. (2020) for factors that are multivariate normally distributed.

2.3 Multiple-model comparison test

In the discussion so far, we have considered the comparison of two competing factor models.
However, given a set of models of interest, a researcher may want to test whether one of the
models, the “benchmark”, has the highest conditional squared Sharpe ratio of all models in the
set. In such a case, the relevant statistical significance level for a series of pairwise comparisons
will not be unambiguous. Thus, a formal test of multiple-model comparison is warranted.
Consider first a benchmark factor pricing model that is nested in a series of alternative

models. In this case, we form a single expanded model, which includes all of the factors contained

11



in the competing models that nest the benchmark model. Then it can be shown straightforwardly
that the expanded factor model dominates the benchmark factor model if and only if one or
more of the “larger” models dominate it. Hence, the null hypothesis that the benchmark factor
model has the same conditional squared Sharpe ratio as these alternatives can be tested using
the procedure developed for pairwise nested model comparison above (the alpha-based test).
If we reject the null hypothesis of zero alphas, then we conclude that the benchmark model is
dominated by one or more of the larger models. Otherwise, we fail to reject the null that the
benchmark model performs as well as the other competing factor pricing models.

To perform the multiple-model comparison test for nonnested models, we follow the work of
Kan et al. (2013) and Barillas et al. (2020). Suppose that we have D models to compare. Let
Ay = (Agy,...,Apy), where Ay, = Shié — Sh?u for model d = 2,...,D. We test the null
hypothesis that the benchmark factor model 1 performs at least as well as the other competing
factor pricing models 2 to D. That is, Hy: Ay = O0p_1, where the inequality holds element-wise.
The alternative hypothesis is that at least one model has a higher population squared Sharpe
ratio than the benchmark factor model. The multiple-model comparison test is based on the
sample counterpart of Ay, Ag = (ﬁu, cee AD@, where Adl = @35 — S’?LZ’Z. The asymptotic
distribution of Ag is normal with covariance matrix 2376. The necessary conditions for this
to hold are provided in Lemma IA2 of the Internet Appendix and in Leroux (1992) and Bickel
et al. (1998). The test statistic is then constructed by first solving the following quadratic

programming problem:

H&in(&g — Ag)/iile(Ag — Ay) subject to Ay = 0p_q, (20)
YA 9

where iK ¢ 1s a consistent estimator of X% ,. The likelihood ratio test of the null hypothesis is

LR, = T(A, - AP)SZ! (A - AP, (21)

where A?pt is the optimal solution to the problem given by Eq. (20). To conduct statistical
inference, we obtain asymptotically valid p-values following a numerically efficient computational
procedure outlined in Kan et al. (2013). For the multiple nonnested model comparison, we first
remove those alternative factor pricing models ¢ that are nested by the benchmark model since,
by construction, the null hypothesis holds in this case. If any of the remaining alternatives is
nested by another alternative factor model, we remove the “smaller” model. Finally, we also

remove any alternative models that nest the benchmark factor model.
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2.4 Finite-sample performance

To assess the finite-sample properties of our state-conditional tests, we conduct a Monte Carlo
simulation analysis based on a two-state Markov-switching DGP calibrated to our empirical
setting. A detailed description of the simulation design and results is relegated to Internet Ap-
pendix TA.2. In summary, both state-conditional tests, for nested and nonnested factor models,
exhibit empirical rejection frequencies close to the nominal size and meaningful power against
relevant alternatives. In contrast, the unconditional tests of Barillas et al. (2020) display rejec-
tion rates that vary sharply with the persistence of the dominant state. Thus, the unconditional
model comparison tests inherit their effective rejection behavior from the prevailing regime. In
our design, model performance differs only in one state and is identical in the other, so the un-
conditional tests operate under neither a pure null nor a pure alternative. As a result, rejection
frequencies depend strongly on which regime dominates the sample. When the state in which
the models differ is prevalent, rejection rates are high; whereas when the state in which the
models are equivalent is prevalent, rejection rates are low. This pattern is precisely the defining

feature of dominant-regime contamination.

3. Empirical analysis

We apply the econometric methodology developed in the previous section to the comparison of
seven prominent new-generation factor models taken from Ahmed et al. (2019) and Detzel et al.
(2023): (1) the Fama and French (2015) five-factor (FF5) model, which includes the market ex-
cess return (MKT), size (SMB, small minus big), value (HML, high minus low book-to-market eq-
uity), accruals-based operating profitability (RMW, robust minus weak), and investment (CMA,
conservative minus aggressive) factors; (2) the Fama and French (2018) six-factor (FF6) model,
which adds the momentum (UMD, up minus down) factor of Carhart (1997) to the FF5 model;
(3) the Fama and French (2015) five-factor (FF5¢) model, which is a version of the FF5 model
modified by replacing the standard accruals-based operating profitability factor with the cash-
based operating profitability (RMW¢) factor; (4) the Fama and French (2018) six-factor (FF6¢)
model, which is a version of the FF6 model modified by replacing the RMW factor with the
RMW¢ factor; (5) the Hou et al. (2015) four-factor (HXZ4) model, comprising the MKT, size
(rME), investment (rp/a), and profitability (rrog) factors; (6) the Barillas and Shanken (2018)
six-factor (BS6) model, which embeds the market and size factors of the FF5 model, the prof-
itability and investment factors of the HXZ4 model, the momentum factor of Carhart (1997),

and the monthly updated version of the value (HMLy,) factor of Asness and Frazzini (2013);
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and (7) the Stambaugh and Yuan (2017) four-factor (SY4) model, which comprises the MKT,
size (SMBgy), and two mispricing factors, management (MGMT) and performance (PERF).
We obtain monthly returns on the MKT, SMB, HML, UMD, RMW, and CMA factors from
the Internet Data Library maintained by Kenneth R. French.? We follow Fama and French
(2018) and compute returns on the RMW¢ factor by using the Center for Research in Security
Prices and Compustat data. The return data on the rvg, 71/4, and rrog factors are sourced
from Lu Zhang’s website.? The return data on the alternative version of the value factor, HMLyy,,
are sourced from the AQR Data Library.> We collect return data on the size factor, SMBgy,
and the two mispricing factors, MGMT and PERF, from Robert F. Stambaugh’s website.® Our

sample period for model comparison spans from January 1972 to December 2021.

3.1 Regime switching in factor returns and squared Sharpe ratios of models

In our empirical analysis, we consider two regimes (that is, L = 2), where regime 1 corresponds
to a bull state and regime 2 to a bear state. Our choice to focus on two regimes is motivated
by two reasons. First, in the spirit of Guidolin and Timmermann (2008b), we conduct regime
specification analysis based on the Hannan-Quinn and Bayesian information criteria (denoted
by HQC and BIC, respectively) and on a likelihood ratio test. The results show that a two-state
model is better suited to our data. Second, when extending the two-regime model to more
complex specifications such as three- or four-regime models, one regime tends to dominate,
while the remaining regimes receive limited data support. Often, these regimes have fewer
observations than parameters, which leads to poor covariance conditioning and raises concerns
about estimation precision and its impact on model comparison. To conserve space, we provide
a more detailed discussion of the regime-specification analysis in Section TA.3 of the Internet
Appendix.”

Table 1 shows evidence of regime switching in factor returns.®

’Table 1 about here‘

The monthly expected returns on all but the size-related factor, SMB, are positive and statisti-

cally distinguishable from zero (at conventional significance levels) under the single-state model.

3See https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.

“See https://global-q.org/factors.html.

®See https://www.aqr.com/library/data-sets/the-devil-in-hmls-details-factors-monthly.

5See https://finance.wharton.upenn.edu/~stambaug/. We generate monthly data beyond December 2016
by using the sample criterion and factor construction procedure described in Stambaugh and Yuan (2017).

"The corresponding statistical and diagnostic results are reported in Tables IA5 and IA6 of the Internet
Appendix.

8For brevity, we present factor correlations in the single, bull, and bear states in Table IA7 of the Internet
Appendix. A notable finding is that the (absolute) correlations between factors in the bear regime increase in
more than half of the cases relative to those in the bull regime, which is largely consistent with the literature
(see, for example, Ang and Bekaert, 2002a).
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For example, the market factor, MKT, has a significant monthly expected excess return of
0.63% under the single-state model, whereas it has a significant monthly expected excess return
of 0.86% in the bull regime and an insignificant monthly expected excess return of —0.20% in the
bear regime. The momentum, profitability, and performance-related mispricing factors (UMD,
RMW, rrog, and PERF) also exhibit higher expected returns in the bull regime than in the bear
regime, whereas the remaining factors display the opposite pattern. These results are consis-
tent with differences in how broad anomaly families behave across market states. For example,
Daniel and Moskowitz (2016) show that momentum strategies perform poorly during periods of
market distress because of the conditionally high premium attached to the option-like payoffs of
past losers. By contrast, value and investment-related factors exhibit countercyclical behavior.
In downturns, stocks with high book-to-market ratio (B/M) are exposed to greater common
risk and therefore trade at lower prices, as investors demand higher compensation for holding
them. Consequently, these stocks tend to earn higher expected returns than low B/M stocks,
whose valuations remain relatively elevated and expected returns comparatively low. The return
spread between high and low B/M stocks therefore widens during bear markets, helping explain
why the expected returns on the value-related factors are higher in the bear regime than in
the bull regime. A similar mechanism applies to investment-related factors. Conservative firms
invest less aggressively, rely less on external financing, and maintain stronger balance sheets,
making them more resilient during recessions. In contrast, aggressive investment-intensive firms
are more vulnerable when financing constraints tighten and leverage amplifies losses. As a result,
the return spread between conservative and aggressive firms tends to widen during periods of
economic stress, generating stronger investment-related factor premia in the bear regime.

Notably, under the single-state model, all factors have expected returns that lie between
those of the bull and bear regimes under the regime-switching model. In Table 1, we also
observe that factor volatilities in the bull regime are substantially lower than those in the bear
regime. Furthermore, the volatilities of all asset pricing factors in the single state appear to be
between those of the bull and bear states. These empirical results are largely consistent with
the existing regime-switching literature (see, for example, Tu, 2010).°

We also find that if the current period is in a bull state, then the probability of staying in
the bull state in the next period, p11, is as high as 94%. On the other hand, if the current
period is in a bear state, then the probability of staying in the bear state in the next period,
P22, is 79%. These values of p11 and p9g correspond to expected average durations of 17 months

for the bull regime and 5 months for the bear regime, respectively. Consistent with the extant

9We also conduct tests of parameter equality across regimes and reject the null hypotheses that either the
means or the variance-covariance parameters in the two regimes are equal even at the 1% significance level.
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regime-switching literature (see, for example, Tu, 2010), we find that the bull regime is more
typical than the bear regime. In particular, the steady-state probabilities for the bull and bear
regimes are about 78% and 22%, respectively. Furthermore, we find that most of the recessionary
periods, as defined by the National Bureau of Economic Research, can be associated with high
bear-regime probabilities (see Fig. IA2 in the Internet Appendix).

Next, we construct mean-variance efficient portfolios for our seven different factor pricing
models to better understand the importance of considering regime shifts when comparing mod-
els. Specifically, for each model, a portfolio is formed using the weights estimated from the
constituent factors’ full-sample means and covariances (that is, under the assumption of a single
regime). Table 2 reports summary statistics of each tangency portfolio separately over the full

sample and the sample months that are classified as the bull and bear regimes, respectively.

’Table 2 about here

Several findings emerge. First, portfolio means are remarkably stable across regimes. For every
model, average portfolio returns in the bull and bear regimes are close to the full-sample mean.
However, volatility increases sharply in the bear regime, often doubling relative to the bull
regime, leading to substantial differences in risk-adjusted performance across states. Specifically,
Sharpe ratios in the bear regime converge to similarly low levels across models (around 0.2 to
0.3), whereas in the bull regime we observe marked variation: the FF6¢c, BS6, and SY4 models
stand out with Sharpe ratios exceeding 0.55, well above the rest. Second, the distributional
shape of returns changes markedly when evaluated over periods classified as bull and bear
regimes. In the full sample, most portfolios display non-normality with modest skewness and
large excess kurtosis (for example, the SY4 model shows excess kurtosis of 4.87). In contrast,
when returns are examined within the bull and bear regimes, the distributions appear much
closer to Gaussian. Skewness becomes negligible and the excess kurtosis falls to values close
to zero in the bull regime and fairly small in the bear regime. This suggests that much of
the heavy-tailedness observed in the full sample may arise from regime mixing. Overall, the
evidence underscores the economic importance of incorporating regime shifts, as models that
appear broadly comparable over the full sample reveal starkly different profiles when evaluated
state-by-state, both in terms of risk-adjusted returns and distributional characteristics.
Building on this economic insight, we next examine the performance of factor model portfolios
under the formally estimated two-regime specification. Table 3 reports the squared Sharpe ratios
for each model portfolio, calculated under two assumptions: first, assuming no regime shifts
(unconditional Sharpe ratios from a single-state model), and second, allowing for regime shifts

(conditional Sharpe ratios computed separately for the bull and bear states).
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\Table 3 about here\

Based on the reported values, the unconditional squared Sharpe ratios vary considerably across
models, with some appearing to outperform others. A similar pattern is evident in the condi-
tional squared Sharpe ratios for the bull regime. In contrast, the conditional squared Sharpe
ratios in the bear regime are more tightly clustered across models, consistent with our findings
in Table 2, where single-regime portfolios evaluated over bear periods exhibited similar perfor-
mance. Moreover, it can be seen from Table 3 that under both the single-regime and two-regime
setups, the squared Sharpe ratios of all models are statistically distinguishable from zero at con-
ventional levels.!? Notably, for most competing models, the conditional squared Sharpe ratios
in the bull and bear regimes differ significantly. That is, for a given model, the squared Sharpe
ratio estimated in the bull regime is statistically distinguishable from its counterpart in the bear
regime, as shown in the last column of Table 3.'' In the next section, we formally test whether

the squared Sharpe ratios of different models are statistically distinguishable within each regime.

3.2 Tests of equality of squared Sharpe ratios

We begin with comparing the factor pricing models on a pairwise basis using the tests of equality
of squared Sharpe ratios that were developed earlier. It should be noted that the asymptotic
distribution of the difference in squared Sharpe ratios was derived conditional on the latent
regime. Because the regime is estimated rather than observed, it introduces an additional source
of sampling uncertainty. To account for this uncertainty, we complement the asymptotic results
with a parametric bootstrap based on the estimated Markov-switching model. To conserve
space, details of the bootstrap procedure are provided in Section IA.4 of the Internet Appendix.

Some of our models are nested and others nonnested. For nested models, we need to test
whether the squared Sharpe ratio of a model with more factors is higher than the squared
Sharpe ratio of a model with fewer factors. Following our discussion in Section 2.2, the basic
alpha-based test is performed, for which we only need to focus on testing the excluded-factor
restriction. That is, we test whether the factors in the larger model that are not included in the
smaller model have zero alphas when they are projected on the factor(s) of the smaller model.

When the models are nonnested, we perform the direct test of equality of squared Sharpe ratios

10Under the null hypothesis Hy : Sh? = 0, and given the asymptotic normality of the regime-specific mean

estimates established in Lemma IA2, the statistic W@Té?lj is asymptotically x? distributed, with degrees of
freedom equal to the number of factors in the model. The same result holds in the single-regime case, where
e = 1.

1y, values for the differences between squared Sharpe ratio estimators are computed using an asymptotic normal
approximation derived via the Delta method, as in Proposition 4. Conditional on the realized state sequence,
the state-specific estimators are treated as asymptotically uncorrelated.
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for different factor models, on a pairwise basis, since the alpha-based test easily rejects the

factor-spanning condition in all cases considered in this paper.

Table 4 about here‘

Table 4 reports pairwise test results for seven different factor pricing models. In this setting, our
criterion for overall performance evaluation is the number of times a given factor model generates
a significantly higher squared Sharpe ratio than any other competing model. In Panel A, under
the single-regime setup, we find that the FF6¢ and BS6 models are the best overall performers.
The SY4 model shows up as the next best-performing model. It can also be seen that these
three competing factor models are not outperformed (at conventional levels of significance) in
any of our pairwise squared Sharpe ratio equality tests. A notable finding that emerges from
Panel A is that all competing factor models generate a significantly (at the 1% or 5% level)
higher squared Sharpe ratio than the FF5 model. Apart from the FF5 model, the relative
performance of the FF6 model is also quite poor. The FF6 model is significantly outperformed
(at the 1% or 5% level) by the FF6¢c, BS6, and SY4 models. On the other hand, the FF5¢
and HXZ4 models exhibit a satisfactory performance. The FF5¢ model is outperformed by the
FF6c model, whereas the HXZ4 model is outperformed by the BS6 model.

We now shift our attention to results conditional on either the bull or bear regime. Panel B
summarizes the results for the bull regime. It can be seen that the FF5 model is the worst
performer because it is overwhelmingly outperformed by all other competing models, with sta-
tistical significance at the 1% or 5% level. The pairwise-test results further show that the BS6
model ranks first among the competing models. The model has a significantly higher conditional
squared Sharpe ratio than all but the FF6¢c and SY4 models. We see that the FF6¢ and SY4
models come in second and third places, respectively. The performance of the remaining factor
pricing models closely mimics that under the single-regime setup in Panel A.

Turning to the pairwise test results conditional on the bear regime in Panel C, we observe a
markedly different pattern relative to both the single regime and bull regime results. None of the
factor models is significantly outperformed by the rest of the models. A key insight emerging from
the test results in Table 4 is that the model identified as superior in the conventional single-
regime framework does not necessarily retain that superiority across different market states.
This observation remains valid after accounting for regime uncertainty using the bootstrap,
which directly motivates our methodological and empirical analyses. Furthermore, the alignment
between the model rankings obtained from the unconditional tests and those from the conditional
tests in the bull regime is also not surprising. Recall that the steady-state probability of the

bull regime is more than three times higher than that of the bear regime, and the same ranking
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holds for the expected duration. Therefore, the empirical results in Panels A and B echo the
regime-contamination pattern documented in our Monte Carlo simulations.

Thus far, we have considered comparison of factor pricing models on a pairwise basis. How-
ever, given a set of models of interest, it is also worth testing whether one of the models, the
“benchmark”, has the highest squared Sharpe ratio of all models in the set. In such a case, the
relevant statistical significance level for a series of pairwise comparisons will not be unambigu-
ous (Barillas et al., 2020; Gospodinov et al., 2013; Kan et al., 2013). Specifically, the pairwise
model comparisons do not take into account the process of searching across alternative factor
models, which can lead to an overstatement of the statistical significance. Thus, a formal test of
multiple-model comparison is warranted. We test the null hypothesis that the benchmark factor
model performs at least as well as the other competing factor pricing models. The alternative
hypothesis is that at least one model has a higher (population) squared Sharpe ratio than the
benchmark factor model. In the cases of the bull and bear states, the tests are based on the

conditional squared Sharpe ratios of models.

’Table 5 about here‘

Table 5 reports multiple-model comparison tests of the squared Sharpe ratios for all competing
models, where we again differentiate between nested and nonnested models. The empirical
results for the single-regime setup in Panel A reveal that the FF6¢, BS6, and SY4 models are
never outperformed at conventional levels of significance. The test results also suggest that these
three models perform equally well and jointly rank as the top-performing models. In Panel B,
we see that the superior performance of the FF6¢, BS6, and SY4 models in the single regime
continues to hold in the bull regime. Specifically, conditional on the bull regime, the FF6¢,
BS6, and SY4 models are the only models that are not outperformed (at conventional levels of
significance) in the multiple-model comparison tests. But the results conditional on the bear
regime in Panel C suggest that all models perform similarly in terms of conditional squared
Sharpe ratios. All these findings remain robust when using the bootstrapped p-values and are
consistent with the results from the pairwise tests reported in Table 4.12:13

It is important to stress that the results reported in this section remain fundamentally in-
sample, in the sense that both the state classifications and the conditional moments are estimated

using the same data on which the models are evaluated. As emphasized by Detzel et al. (2023),

12In Tables 4 and 5, it is noteworthy that the bootstrap p-values, which account for regime uncertainty, are
very close to the corresponding asymptotic p-values.

13We also provide additional robustness results in Tables IA8 and TA9 of the Internet Appendix that account
for the well-known upward small-sample bias in squared Sharpe ratios (see Jobson and Korkie, 1980). In the
regime-switching setting, no analytical correction is available, so we approximate the bias using a parametric
bootstrap (see Section IA.5 of the Internet Appendix). The conclusions remain qualitatively unchanged.
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performance measures derived from full-sample optimized quantities may still overstate a factor
model’s true performance. To address this issue and mitigate concerns related to in-sample
optimization and potential data snooping, we therefore complement the in-sample comparisons
in this section with an out-of-sample evaluation. To conserve space, a detailed description of
this analysis is provided in Section IA.6 of the Internet Appendix, with the corresponding results
reported in Table IA10. These results indicate that performance differences across models are
less pronounced out of sample.

We note, however, that the out-of-sample results should be interpreted from an investment
perspective rather than as a direct assessment of pricing performance. The out-of-sample exercise
reflects not only the models’ structural specifications, but also the success of regime prediction
and parameter estimation. As such, it provides a measure of predictive and investment perfor-
mance under model-implied pricing restrictions, but it does not directly test for mispricing. A

more detailed analysis of these mechanisms is therefore beyond the scope of the present paper.

3.3 Sharpe ratio decomposition

In this section, we investigate why some factor models outperform others in the bull regime,
whereas all models perform similarly in the bear regime. To address this question, we examine
how each factor in a given model contributes to both the Sharpe ratio and the volatility of the
mean-variance efficient portfolio constructed from that model’s full set of factors.'* As shown in
Section IA.8 of the Internet Appendix, the Sharpe ratio of factor k, Sh(fy), is proportional to the
model’s Sharpe ratio, Sh(f), with the proportionality factor given by pyy, the correlation between
factor k and the tangency portfolio formed from the model’s full set of factors. Furthermore, the
total volatility of this tangency portfolio equals the sum of each factor’s weighted contribution,
where the contribution of factor k is given by the product of the portfolio weight, toy, the factor’s
individual volatility, o, and pgy.

Table 6 presents the key components involved in the Sharpe ratio decomposition, as well as
the factor-level contributions to the volatility and efficiency of the tangency portfolios, reported

separately for the bull (Panel A) and bear (Panel B) regimes.!?

\Table 6 about here\

The results reveal that in the bear state, optimal portfolios concentrate heavily on a small set
of factors. These are primarily the investment-related factors in the Fama-French factor models

and the Hou et al. (2015) four-factor model, along with the management-related mispricing

14T complement our analysis, we also compute the marginal contribution of a factor to the squared Sharpe
ratio of a given model. For brevity, the discussions are offered in Section TA.7 of the Internet Appendix.
15Table IA12 in the Internet Appendix presents the corresponding results for the single-state specification.
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factor in the Stambaugh and Yuan (2017) four-factor model. For example, within the Fama-
French specifications, the four models allocate a large share of their weights to the investment
factor, CMA, with an average weight of approximately 74%. Consistent with this overall weight
concentration, Table 1 shows that these factors are among the few that retain economically
and statistically meaningful premia in the bear regime. However, their volatilities increase even
more sharply than their premia, causing their contributions to the model-level Sharpe ratios to
compress toward similar values across models. In contrast, no such concentration arises in the
bull regime. Almost all factors earn statistically significant premia and portfolio weights are
more dispersed, allowing for greater variation in performance and, ultimately, in squared Sharpe
ratios. A further examination of the marginal contribution of each factor to the squared Sharpe
ratio of a given model in Table IA11 of the Internet Appendix reinforces this insight.

Taken together, the above results demonstrate that the structure of factor contributions
changes substantially across regimes. In the bull state, dispersion in factor premia and portfolio
weights produces clear differences in model performance, whereas in the bear state, heightened
volatility and concentrated reliance on a small set of surviving factors lead to a convergence in
model Sharpe ratios. These findings underscore the importance of assessing model performance

through a regime-sensitive lens rather than relying on full-sample averages.

4. Conclusion

This paper compares factor models using the “test-asset irrelevance” result that has been put
forward by Barillas and Shanken (2017) but under regime switching. In doing so, we first show
that the unconditional squared Sharpe ratio is not necessarily an appropriate metric for model
comparison when returns are subject to regime shifts. But conditional on a particular regime,
asymptotically valid tests of model comparison can still be performed using the conditional
squared Sharpe ratio metric. After deriving the asymptotic distributions of the test statistics
for model comparison under regime switching, we then compare an array of new-generation
asset pricing models. Our model set includes: the Fama and French (2015) five-factor model,
the Fama and French (2018) six-factor model; modified versions of these Fama and French factor
models where the accruals-based operating profitability factor is replaced with its cash-based
counterpart; the Hou et al. (2015) four-factor model; the Barillas and Shanken (2018) six-factor
model; and the Stambaugh and Yuan (2017) four-factor model.

In the conventional single-state (unconditional) setting, the Fama and French (2018) six-
factor model with the cash-based operating profitability factor, the Barillas and Shanken (2018)

six-factor model, and the Stambaugh and Yuan (2017) four-factor model emerge as the top
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performers. We show, however, that these unconditional rankings simply mirror the behavior of
the bull regime, where the same three models are the top performers, because the bull regime
dominates the sample. In contrast, in the bear regime none of the competing models exhibits
superior performance. These empirical results remain robust when we account for state uncer-
tainty and finite-sample bias. Out-of-sample tests also indicate that no factor model delivers a
superior risk-adjusted performance in real time.

Overall, our findings have implications for both academics and practitioners. We show that
factor returns, volatilities, and Sharpe ratios differ substantially across bull and bear regimes,
implying that traditional single-regime (unconditional) evaluations can be misleading. In par-
ticular, unconditional linear factor models can generate apparent alphas and Sharpe ratio im-
provements even when a model prices assets correctly within each regime, because unconditional
performance measures load nonlinearly on time-varying risk premia. As a result, standard tests
for spanning and factor timing may overstate abnormal performance for portfolios whose re-
turns simply reflect regime-dependent risk exposures. These results reinforce the evidence on
state dependence in the factor-timing literature. Prior studies show that factor premia vary with
economic conditions (see, for example, [lmanen et al., 2021), that stressed markets increase cross-
factor correlations and weaken diversification benefits (see, for example, Arnott et al., 2019),
and that dynamically scaled factor exposures can improve Sharpe ratios during recessions (see,
for example, Moreira and Muir, 2017). We extend this literature by showing that regime de-
pendence affects not only factor returns, but also the conclusions drawn from unconditional
asset-pricing tests. Our findings also carry direct implications for portfolio construction and
risk management. Factor allocations optimized under unconditional performance metrics may
become suboptimal when market conditions shift across regimes. Practitioners should therefore
evaluate models and determine factor exposures conditional on prevailing market regimes, con-
centrating on the limited set of factors that retain significant premia during periods of elevated

market stress while maintaining broader diversification during expansionary periods.
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Table 1
Summary statistics for factor returns

The table reports estimates of the means and standard deviations of monthly returns on asset pricing factors, with associated standard errors reported in adjacent columns
(labeled “s.e.”’). The standard errors next to the standard deviation estimates are for the variance estimates. The estimates are obtained from running a multivariate
regime-switching model for the factor returns with two states that are characterized as the bull state and the bear state. MKT, SMB (small minus big), HML (high minus low
book-to-market equity), RMW (robust minus weak), and CMA (conservative minus aggressive) are the market excess return, size, value, profitability, and investment factors
of Fama and French (2015), respectively. UMD (up minus down) is the momentum factor of Fama and French (2018). RMW¢ denotes the cash profitability factor of Fama
and French (2018), which is constructed similarly to RMW but using cash-based operating profitability. rmEe, TrRoE, and 71,4 are the size, profitability, and investment factors
of Hou et al. (2015), respectively. HMLy, is the monthly updated value factor of Asness and Frazzini (2013). SMBgy, MGMT, and PERF are the size, management-related
mispricing, and performance-related mispricing factors of Stambaugh and Yuan (2017), respectively. The sample period is from January 1972 to December 2021. Rk
and * indicate statistical significance at the 1%, 5%, and 10% significance levels, respectively.

Factor Single state Bull state Bear state

Mean s.e. St. dev. s.e. Mean s.e. St. dev. s.e. Mean s.e. St. dev. s.e.
MKT 0.63*** 0.19 4.54%** 119 0.86 ** 0.16 3.57F** 0.83 —0.20 0.61 6.95%** 6.01
SMB 0.17 0.12 3.02*** (.53 0.05 0.11 2.33%** .35 0.62 0.41 4.71%** 276
HML 0.28%*  0.12 3.02% ** .53 0.15 0.10 2.22%** .32 0.74* 0.43 4.91%** 299
HML,, 0.29%*  0.15 3.67%** 0.78 0.02 0.11 2.34%** .36 1.31%*  0.56 6.42%** 512
UMD 0.62* ** 0.18 4.37%** 110 0.89% ** (.12 2,66 ** 0.46 —0.35 0.69 7.84%** 765
RMW 0.30* ** 0.09 2.30%** (.31 0.30* ** 0.07 1.41%** 0.13 0.29 0.37 417** 216
CMA 0.29% ** 0.08 1.94%** (.22 0.10 0.07 1.53*** 015 0.95% ** 0.26 2.90%** 1.05
rME 0.24* 0.13 3.06 ** 0.54 0.11 0.11 2.35%** .36 0.72* 0.42 4.82%** 9288
TROE 0.52% ** 0.11 2.65%** 0.41 0.66™ ** 0.08 1.66*** 0.18 0.04 0.41 4.72%** 977
1/ 0.34* ** 0.08 1L.91%** 0.21 0.21*** 0.07 1.54%** 0.16 0.79%** 0.25 2.83%** 1.00
RMW¢ 0.37*** 0.08 1.88%** 0.20 0.34* ** 0.06 1.21%** 0.10 0.50* 0.29 3.34%** 138
SMBgy 0.33%** 0.12 2.86% ** .47 0.23%*  0.11 2.28%** (.34 0.68* 0.38 4.35%** 935
MGMT 0.52% ** 0.12 2.92%** (.49 0.41*** 0.10 2.27%** .34 0.92**  0.40 4.53%** 956

PERF 0.64*** 0.16 3.81%** .84 0.64%** 0.12 2.60%** 0.44 0.61 0.58 6.54%** 5.32




Table 2
Tangency portfolios for factor models

The table reports summary statistics for the mean-variance efficient portfolios of seven different factor models:
the Fama and French (2015) five-factor (FF5) model; the Fama and French (2018) six-factor (FF6) model,
the Fama and French (2015) five-factor (FF5¢) model, which is a version of the FF5 model modified by
replacing the accruals-based operating profitability factor with the cash-based operating profitability factor;
the Fama and French (2018) six-factor (FF6¢c) model, which is a version of the FF6 model modified by
replacing the accruals-based operating profitability factor with the cash-based operating profitability factor;
the Hou et al. (2015) four-factor (HXZ4) model; the Barillas and Shanken (2018) six-factor (BS6) model,
and the Stambaugh and Yuan (2017) four-factor (SY4) model. For each factor model, the tangency portfolio
is formed using the weights estimated from the constituent factors’ full-sample means and covariances (that
is, under the assumption of a single regime). We report summary statistics of the portfolios over the full
sample, bull, and bear periods. Sh is the Sharpe ratio. The sample period is from January 1972 to December 2021.

Model Period Mean St. dev. Skewness Excess Kurtosis Sh
FF5 Full sample 0.35 1.08 0.19 2.15  0.32
Bull 0.30 0.80 —0.04 0.00 0.37
Bear 0.52 1.74 —0.01 —0.03 0.30
FF6 Full sample 0.39 1.05 —0.22 3.85 0.37
Bull 0.38 0.77 —-0.10 0.10 0.50
Bear 0.39 1.72 —0.21 1.00 0.23
FF5¢  Full sample 0.37 0.96 0.29 2.66 0.39
Bull 0.33 0.70 —0.04 0.70 0.47
Bear 0.53 1.56 0.08 0.04 0.34
FF6c Full sample 0.39 0.94 —0.04 2.76  0.42
Bull 0.38 0.68 -0.11 0.63 0.56
Bear 0.44 1.55 —0.08 0.13 0.28
HXZ4  Full sample 0.43 1.13 —0.05 2.11 0.38
Bull 0.44 0.89 —0.02 0.13 0.50
Bear 0.38 1.73 0.00 0.45 0.22
BS6 Full sample 0.45 1.01 0.01 2.68 0.45
Bull 0.47 0.75 —0.18 0.44 0.62
Bear 0.38 1.63 0.18 0.33 0.23
SY4 Full sample 0.55 1.28 —0.07 4.87 0.43
Bull 0.55 0.92 —0.08 0.37 0.60
Bear 0.54 2.14 —0.04 1.34 0.25
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Table 3
Squared Sharpe ratios of the models

The table reports estimates of the squared Sharpe ratios of seven different factor models. Column 1 contains
estimates of the unconditional squared Sharpe ratios in the single state, columns 2 and 3 contain estimates of
the conditional squared Sharpe ratios in the bull and bear states, whereas column 4 contains the difference
between the squared Sharpe ratios of a given model in the bull state and the bear state (BMB, bull minus bear).
Numbers in parentheses in columns 1, 2, and 3 are the p-values from a x? test of the null hypothesis that the
true value of the squared Sharpe ratio for model i (= 1,...,7) is 0. Numbers in parentheses in column 4 are the
p-values for the test of Hp : ShiBuu - Sh?,Bear = 0. The sample period is from January 1972 to December 2021.
See also the notes to Table 2 for a description of the models.

Model Single state Bull state Bear state =~ BMB

FF5 0.103 0.190 0.152  0.038
(0.000) (0.000) (0.001)  (0.323)
FF6 0.134 0.311 0.159  0.152
(0.000) (0.000) (0.002)  (0.048)
FF5¢ 0.150 0.267 0.180  0.087
(0.000) (0.000) (0.000)  (0.173)
FF6c 0.176 0.373 0.190  0.183
(0.000) (0.000) (0.000)  (0.035)
HXZ4 0.147 0.289 0.109  0.180
(0.000) (0.000) (0.007)  (0.012)
BS6 0.198 0.418 0.115  0.302
(0.000) (0.000) (0.021)  (0.000)
SY4 0.182 0.365 0.084  0.280
(0.000) (0.000) (0.028)  (0.000)
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Table 4
Pairwise tests of equality of squared Sharpe ratios

The table reports pairwise tests of equality of the squared Sharpe ratios of seven different factor models in
the single state (Panel A), bull state (Panel B), and bear state (Panel C). We report the difference between

the sample squared Sharpe ratios of the factor models in row ¢ and column j, denoted by 5‘71? — 5'713, and the
corresponding asymptotic p-value (in parentheses) for the test of Hy: Sh? = Sh?, Numbers in brackets are
p-values computed using a parametric bootstrap approach to account for state uncertainty. The number of
bootstrap replications is set to 10,000. The sample period is from January 1972 to December 2021. See also the
notes to Table 2 for a description of the models.

Model FF6 FF5¢ FF6c HX74 BS6 SY4

Panel A: Single state

FF5  —0.032 —0.048 —0.073 —0.044 —0.096 —0.079
(0.000)  (0.001)  (0.000) (0.043) (0.001)  (0.004)

FF6 —0.016 —0.042 —0.012 —0.064 —0.048
(0.428)  (0.002) (0.527) (0.004) (0.031)

FF5¢ —0.026  0.004 —0.048 —0.032
(0.000)  (0.893) (0.129)  (0.284)

FF6c 0.029 —0.022 —0.006
(0.231)  (0.394) (0.812)

HX7ZA —-0.052 —0.035
(0.008)  (0.226)

BS6 0.016
(0.588)

Panel B: Bull state

FF5  —0.121 —0.077 —0.183 —0.099 —0.228 —0.175
(0.000)  (0.005) (0.000) (0.033) (0.000) (0.001)
[0.000]  [0.008] [0.000] [0.034] [0.000]  [0.001]

FF6 0044 —0.062  0.022 —0.107 —0.053

(0.310)  (0.018) (0.643) (0.012) (0.267)

[0.303]  [0.022] [0.644] [0.011]  [0.271]

FF5¢ —0.106 —0.022 —0.151 —0.097
(0.000) (0.671) (0.011)  (0.080)

[0.000] [0.669] [0.011]  [0.079]

FF6c 0.084 —0.045  0.009
(0.112)  (0.348)  (0.869)

[0.111]  [0.345]  [0.873]

HX7ZA4 —0.129 —0.076
(0.001)  (0.158)

[0.003]  [0.154]

BS6 0.053
(0.388)

[0.396]

Panel C: Bear state

FF5  —0.007 —0.028 —0.038  0.043  0.037  0.068
(0.373)  (0.218) (0.199) (0.301) (0.435) (0.238)
[0.389]  [0.243]  [0.176] [0.272]  [0.423]  [0.220]

FF6 —0.021 —0.031  0.050  0.044  0.075

(0.469)  (0.196) (0.278) (0.372)  (0.242)

[0.466]  [0.227] [0.257]  [0.356]  [0.237]

FF5¢ —~0.010 0071  0.064  0.096
(0.289) (0.176) (0.244) (0.123)

[0.304] [0.165] [0.245]  [0.120]

FF6c 0.081  0.075  0.106
(0.159)  (0.198)  (0.130)

[0.147]  [0.196]  [0.129]

HXZ4 —0.007  0.025
(0.683)  (0.577)

[0.665]  [0.563]

BS6 0.031
(0.480)

[0.487]
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Table 5
Multiple-model comparison tests

The table reports multiple-model comparison tests of the squared Sharpe ratios of seven different factor models
in the single state (Panel A), bull state (Panel B), and bear state (Panel C). ¢ is the number of alternative
models in each multiple nonnested model comparison; LR is the value of the likelihood ratio statistic with
corresponding p-value reported in the adjacent column; ¢n is the number of factor models that nest the

benchmark model; and 3’712]5 M — 3’712 is the difference between the sample squared Sharpe ratios of the expanded
model (EM) and the benchmark model, with associated asymptotic p-value (in parentheses) reported in the
adjacent column. Numbers in brackets are p-values computed using a parametric bootstrap approach to account
for state uncertainty. The number of bootstrap replications is set to 10,000. The sample period is from January
1972 to December 2021. See also the notes to Table 2 for a description of the models.

~2 ~2
Benchmark ¢ LR p-value gqn Shgy — Sh p-value

Panel A: Single state

FF5 4 17.206  (0.000) 1 0.032 0.000
FF6 4 21.195 (0.000)
FF5¢ 4 2.414  (0.157) 1 0.026 0.000
FF6c 4 0.727  (0.448)
HX7Z4 4 7.258  (0.017)
BS6 4 0.000 (0.768)
SY4 4 0.293  (0.503)
Panel B: Bull state
FF5 4 23.442  (0.000) 1 0.121  (0.000)
[0.000] [0.000]
FF6 4 11.352  (0.003)
[0.002]
FF5¢ 4 6.974 (0.017) 1 0.106  (0.000)
[0.013] [0.000]
FF6¢ 4 0.880 (0.421)
[0.418]
HXZ4 4 12.573  (0.001)
[0.001]
BS6 4 0.000  (0.790)
[0.989]
SY4 4 0.746  (0.372)
[0.402]
Panel C: Bear state
FF5 4 1.647  (0.310) 1 0.007  (0.373)
[0.295] [0.389]
FF6 4 1.672  (0.292)
[0.237]
FF5¢ 4 0.000 (0.770) 1 0.010 (0.289)
[0.856] [0.304]
FF6¢ 4 0.000 (0.731)
[0.917]
HXZ4 4 2.039  (0.270)
[0.243]
BS6 4 1.658  (0.309)
[0.170]
SY4 4 2.292  (0.138)
[0.137]
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Table 6
Sharpe ratio decomposition of tangency portfolios based on factor models

The table reports the Sharpe ratio decomposition of the tangency portfolios based on seven different factor models in the bull state (Panel A) and the bear state (Panel
B). pyp is the expected return on the portfolio p, o, is the portfolio volatility, Sh is the Sharpe ratio of the portfolio, Sh(fx) is the Sharpe ratio of factor k, py, is the
correlation of the factor k with the portfolio p, wy, is the weight (%) of the factor k in the portfolio p, and wyprpox is the weighted marginal contribution of the factor k to the
portfolio volatility. The sample period is from January 1972 to December 2021. See also the notes to Tables 1 and 2 for a description of the factors and the models, respectively.

Model  pyp op Sh MKT SMB HML HML, UMD RMW CMA T™ME TROE riya RMWe  SMBsy MGMT  PERF
Panel A: Bull state
FF5 0.319 0.732 0.436  Sh(fx) 0.240 0.021 0.068 0.215 0.069
Pkp 0.550 0.049 0.155 0.493 0.158
10 17 8 13 43 20
wirprpor  0.331  0.009  0.043 0.302 0.048
FF6 0.425 0.762 0.558 Sh(fx) 0.240 0.021 0.068 0.334 0.215 0.069
Pkp 0.430 0.038 0.121 0.599 0.385 0.123
18 15 6 15 18 33 13
wirprpor  0.223  0.006 0.040 0.291 0.177  0.025
FF5¢ 0.354 0.684 0.517 Sh(fx) 0.240 0.021 0.068 0.069 0.280
Pkp 0.464 0.041 0.131 0.133 0.542
0 16 11 8 11 55
wrprpor  0.273  0.010 0.022 0.022 0.357
FF6c 0431 0.706 0.611 Sh(fx) 0.240 0.021 0.068 0.334 0.069 0.280
Pkp 0.393 0.035 0.111 0.547 0.113 0.458
g 15 9 10 15 7 44
wrprpor  0.208  0.007  0.026 0.211 0.013 0.242
HXZ4 0.504 0.938 0.538 Sh(fx) 0.240 0.047 0.395 0.138
Pkp 0.446 0.087 0.735 0.256
g 14 4 46 35
Wrprpor  0.225 0.009 0.564 0.139
BS6 0.502 0.776 0.646 Sh(fx) 0.240 0.021 0.007 0.334 0.395 0.138
Pkp 0.371 0.033 0.011  0.517 0.611 0.213
10 11 6 25 16 36 5
wiprpor  0.152  0.004 0.006  0.227 0.369 0.018
SY4 0.546 0.904 0.604 Sh(fx) 0.240 0.102 0.179 0.248
Pkyp 0.397 0.168 0.297 0.410
10, 22 13 38 27
wrprpor  0.311 0.050 0.258 0.284

(Continued)
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Table 6 — Continued

Model  py op Sh MKT SMB HML HML,, UMD RMW CMA T™ME TROE riya RMWe  SMBsy MGMT  PERF
Panel B: Bear state
FF5 0.735 1.886 0.390 Sh(fx) —0.029 0.132 0.150 0.069 0.328
Pkp —0.076  0.338 0.386 0.177  0.842
tog 9 17 —20 16 79
wirprpor  —0.046  0.265 —0.388 0.118 1.936
FF6 0.819 2.054 0.399 Sh(fx) —0.029 0.132 0.150 —0.044 0.069 0.328
Pkp —0.074 0.330 0.377 —0.111 0.173 0.823
tog 7 19 —27 —6 19 88
wirprpor  —0.038  0.291  —0.493 0.054 0.134 2.106
FF5¢  0.692 1.634 0.424 Sh(fr) —0.029 0.132 0.150 0.328 0.149
Php —0.069 0.311 0.355 0.774 0.351
(LS 9 18 —18 61 30
wrprpor —0.043  0.262 —0.317 1.380 0.351
FF6c 0.769 1.765 0.436 Sh(fx) —0.029 0.132 0.150 —0.044 0.328 0.149
Php —0.068 0.302 0.345 —0.102 0.753 0.342
1y, 8 20 —24 —6 68 34
wrprpor  —0.037  0.284 —0.401 0.047 1.485 0.387
HXZ4 0.690 2.092 0.330 Sh(fx) —0.029 0.149 0.009 0.280
Pkp —0.089 0.453 0.028 0.849
g 4 23 6 67
Wrprpor  —0.027 0.502 0.007 1.611
BS6 0.661 1.946 0.340 Sh(fx) —0.029 0.132 0.204 —0.044 0.009 0.280
Pkp —0.087 0.388 0.600 —0.130 0.027 0.824
tog 3 24 11 1 15 47
wiprpor  —0.017  0.435 0.414 —0.007 0.019 1.102
SY4 0.687 2.368 0.290 Sh(fx) —0.029 0.157 0.202 0.093
Pkp —0.102 0.542 0.698 0.322
tog 10 31 44 15
wiprpor  —0.070 0.738 1.378 0.322




