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Abstract

This paper develops a methodology for conducting inference on the pricing ability of asset
pricing models, and constructing the corresponding mean-variance portfolios, that uses one large
cross-section of N asset returns corresponding to one time observation 1. No assumption is
required on the form of time variation of risk premia and risk exposures. My analysis is based
on the novel asymptotics of Principal Component Analysis valid for 7' = 1 and large N. My
methodology permits to study how the pricing and portfolio performance of asset pricing models
changes across time period by period, as opposed to existing methodologies. Moreover, I can
show analytically what affects the out-of-sample pricing ability and portfolio performance of the
candidate asset pricing model. The methodology can be used for either cases of observed or latent
risk factors, and a combination of the two, and is designed to exploit the rich information available
in large cross-sections of individual stocks, although it can be used more widely. An empirical
application testing the out-of-sample pricing ability across time of the zoo factors as well as the
commonly used cross-sectional models, demonstrates the benefits of this methodology.



1 Introduction

This paper challenges the common-sense view that accurate estimation and testing of the pricing
ability of asset pricing models requires a large dataset, and in particular a long time-series span 7.
While this view is grounded in standard statistical considerations, it comes at a substantial cost: it
severely limits the ability of asset pricing models to explain the dynamics of asset prices or, more
broadly, to quantify the interaction between asset prices and the wider economy as new information
arrives. Examples include changes in monetary policy, geopolitical events, or the sudden onset of
economic and financial crises, which are seen to dramatically affect asset prices. At the same time,
widespread empirical evidence suggests that individual asset returns’ distribution changes across time,
again questioning the use of long time series span of data.

By contrast, if we could estimate asset pricing models, test their pricing ability, and construct efficient
portfolios using only a single time observation, we would be able to exploit the well-known immediate
response of asset prices to economic news, and allow for model-free time variation in the distribution of
asset prices. More generally, restricting attention to one time period makes it possible to use conditional
asset pricing models without imposing virtually any restriction on the functional form or the degree of
time-variation in assets’ risk premia, their volatility, and other parameters. The restrictions that are
typically imposed when T is large—purely for tractability and statistical convenience—can be completely
avoided when 7" = 1. These commonly adopted restrictions substantially increase the risk of model
misspecification and significantly reduce the usefulness of conditional asset pricing models.

A further central objective of asset pricing is to explain cross-sectional differences in asset prices, that
is, differences across individual assets. However, for both practical and statistical reasons, most empirical
applications work with portfolio-level data. By construction, portfolios obscure and, in particular,
substantially reduce cross-sectional heterogeneity in asset prices and returns.

Taken together, these considerations imply that the effective use of asset pricing models calls for a
large cross-section of asset returns of size IV observed over a very short time span 7', ideally with T" =1,
in stark contrast to common practice in empirical asset pricing. Resolving the methodological challenges
associated with this setting is the main contribution of this paper. I develop a formal methodology that
enables the estimation and testing of the out-of-sample pricing ability of (conditional) factor asset
pricing models—the workhorses of asset pricing and related fields—using a single large cross-section of
returns observed over a single period.

Because the pricing ability of an asset pricing model can be evaluated in two conceptually distinct
ways—either through the ability of factor risk premia to explain the cross-section of expected returns, or
through the ability of the stochastic discount factor (SDF) to price the cross-section of assets’ payoffs—
I construct two corresponding classes of pricing testsE] I also provide a formal treatment of how to
estimate mean—variance efficient portfolios, and their implied returns, in environments where N is large
but "= 1.

There are many advantages, but also important challenges, associated with using my 7" = 1 method-
ology. First, the methodology has the virtue of simplicity: setting T' = 1 greatly simplifies the analytical
derivations. Because I derive the asymptotic properties of both in-sample (IS) and out-of-sample (OOS)

! Although, in population, the pricing errors from fitting expected returns and those from SDF-based pricing are
identical up to a scaling factor given by the inverse of the gross risk-free return (see Hansen and Jagannathan| (1997)), in
finite samples they will generally differ, and thus require distinct asymptotic analyses.



versions of my pricing tests, the analysis explains analytically how and why IS and OOS results differ.
This goes beyond the conventional view that IS results are inconclusive because of overfitting, while
OOS results are unstable and unreliable for the opposite reason. I develop this IS-OOS comparison
both for the statistical properties of the pricing tests and for the performance of mean—variance port-
folios. The analytical results provide clear guidance on how to mitigate, at least partially, some of the
well-known pitfalls that affect OOS performance.

Second, when data are available over long time spans, my methodology permits the construction of
time series of pricing tests and their corresponding p-values by applying the tests period by period. This
allows one to investigate whether a model’s pricing ability varies over time—for instance, across different
phases of the business cycle. An important special case is the analysis of the time-varying pricing ability
of the hundreds of risk factors (the “factor zoo”) proposed in the empirical asset pricing literature. In
this way, one can rank these factors by the fraction of periods in which they significantly price the
cross-section of stock returns, either unconditionally or conditionally. For example, some factors may
prove more useful during economic downturns, while others may be more relevant during expansions.

Third, I develop the methodology for models with both latent and observed risk factors, including
settings in which both types of factors are present simultaneously. When risk factors are latent and
estimated via Principal Component Analysis (PCA), I derive an asymptotic theory for PCA that is valid
when 7' = 1 but N is large, which I refer to as nano-PCA. With these results in hand, I can analyze the
costs and benefits of using factor models with latent (PCA-estimated) factors versus observed factors.
On the one hand, PCA-estimated factors eliminate the risk of model misspecification arising from an
incorrect choice of observed risk factors. On the other hand, they are affected by estimation noise, which
leads to larger standard errors for estimators and test statistics. My methodology allows this trade-off
to be evaluated analytically.

There are also many challenges that must be addressed in order to obtain a workable methodology.
First, holding T fixed, and in particular setting 7" = 1, implies that model estimates will generally
be subject to estimation bias, whose magnitude differs across parameters. For example, while PCA
estimates of latent risk factors are accurately recovered (up to a rotation matrix) even when T is fixed,
provided N — oo the corresponding risk exposures remain biased regardless of how large N becomes.
However, as my nano-PCA analysis shows, it is possible to estimate the moments of these noisy risk
exposures—moments that are required for accurate estimation of standard errors for pricing tests and
portfolio weights estimators—by applying suitable bias corrections.

Second, when T'" = 1 one can only work with a one-factor model. Moreover, whether the factor
is latent or observed, the estimated model attains a perfect in-sample fit, which makes it impossible
to estimate the variance of the error term. This is crucial because the error variance enters the bias
adjustments and standard errors of my pricing test statistics and mean—variance portfolios. By contrast,
OOS analysis requires at least two time observations—one for estimation and one for OOS evaluation.
This allows both observations to be used for bias adjustment and for the estimation of standard errors,
including, in particular, the error variance. Third, as already noted, when 7" = 1 I can only accommodate
a single risk factor, whereas in reality the cross-section of returns may require a multi-factor structure.
In such cases, my pricing tests and mean—variance portfolios are affected not only by the estimation
bias associated with 7" = 1, but also by a misspecification bias arising from imposing a one-factor model
when more factors are in fact needed. I show how to modify the methodology so as to mitigate this
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misspecification bias. A further, well-known challenge in factor asset pricing is the identification of the
number of priced risk factors. In my setting, this issue largely disappears: it is redundant when7T = 1
and, more generally, when 7" = r, where r denotes the number of priced risk factors.E]

My methodology relies on a number of key insights. Foremost, I build the analysis on the assumption
of no-arbitrage. Although this is an economic assumption, no-arbitrage implies that the intercept term
(i.e., alpha) is square-summable across assets and hence is diversified away when estimating the factor
model. This means that I can avoid estimating alpha or, equivalently, that I do not need to de-mean the
data. In my 7" = 1 setting, this is crucial: if the data were de-meaned, they would become identically
equal to zero. As a consequence, sample variances and covariances are replaced by sample second
moments (i.e., moments computed without de-meaning).

Next, as noted, I can allow only for a single risk factor when 7" = 1. More generally, I can allow for
at most r risk factors when T = r > 1. In either case, the model attains perfect in-sample fit. Moreover,
when 7' =1 OOS pricing test statistics, model-implied expected returns, and mean—variance portfolios
are identical regardless of whether the risk factor is PCA-estimated or observed, and they coincide with
the corresponding formulae based solely on sample moments of the test assets. The same applies when
T = r > 1. However, the necessary bias adjustments and standard errors do depend on whether one
assumes a latent or an observed factor model, and they differ from the pure sample-moment formulae
because at least two time periods are used—or, more generally, » 4+ 1 periods when r > 1.

Lastly, the ability of nano-PCA to estimate accurately the moments of the noisy (i.e., inconsistent)
risk exposures implies that I can still estimate the returns of mean—variance strategies with high accuracy,
even though the corresponding portfolio weights—approximately linear in the risk exposures—remain
severely biased when T = 1. This, in turn, reflects the fact that the ability of mean—variance portfolios
to diversify away idiosyncratic risk requires only that N be large, regardless of the value of T'.

The asymptotic theory for my methodology, including nano-PCA, rests on a single economic assumption—
the absence of arbitrage—and on several statistical assumptions. No-arbitrage allows me to avoid de-
meaning the data, which is essential for the asymptotic validity of the procedure when 7' = 1.

No assumptions are required regarding the time-variation of the factor asset pricing model for es-
timation under 7" = 1, and only a very limited degree of local smoothness in the time-variation of
risk exposures is needed when two periods are considered. I also require the number of risk factors to
remain locally constant over two periods. However, I do impose that the covariances of the error terms
across assets “average out,” which rules out time-variation in variances and covariances when averaged
cross-sectionally, while still allowing for cross-sectional dependence in the idiosyncratic errors.

Some of these assumptions are consistent with empirical evidence: for example, stock returns tend to
exhibit weak autocorrelation over time but strong cross-sectional dependence. Finally, the methodology
is robust to mispricing; that is, it remains valid under an Arbitrage Pricing Theory (APT) setting in
which expected returns can systematically deviate from those implied by the factor structure.

My paper advances three different streams of literature.

Cross-Sectional Asset Pricing. Principal Component Analysis (PCA) has become an increasingly pop-
ular tool in empirical asset pricing because, for portfolio construction and pricing, the risk factors need
not be directly observed. As highlighted in the Arbitrage Pricing Theory (APT) of Ross (1976), this
yields a reduced-form stochastic discount factor (SDF) with strong pricing ability and robustness to

2When there are T > r periods available for estimation, the consistent estimator for r in [Zaffaroni| (2025) can be used.
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omitted priced risk factors. From an asset pricing perspective, my work is closely related to [Pelger
(2019} 2020), Lettau and Pelger| (2020alb), |Giglio and Xiu| (2021)), |Giglio, Xiu, and Zhang (2025)), Ma
and Gagliardini (2020), and Zaffaroni| (2025).

It differs from these contributions in that I develop an inferential theory for conditional asset pricing

models based on my nano-PCA approach, whereas—with the exception of |Pelger| (2019} [2020)—these
papers rely on constant-PCA or variants thereof. From an econometric standpoint, I extend the con-
sistency results for constant PCA (i.e., under constant model parameters) established in |Connor and
Korajczyk (1986) and Bai (2003, Theorem 4), as well as the local-PCA analysis (i.e., when 7" remains
fixed but exceeds r) in Zaffaroni (2025), by providing the asymptotic theory for nano-PCA in the case
T=r=1.
Conditional Asset Pricing. Several PCA-based procedures have been proposed for conditional asset
pricing models, in which risk exposures, risk premia, and sometimes alphas are modeled as functions of
observed instruments, such as firm characteristics; see, among others, Connor, M., and Linton| (2012),
Fan, Liao, and Wang (2016)), Kelly, Pruitt, and Su| (2019), Kim, Korajczyk, and Neuhierl (2021), Pelger
and Xiong (2019), Haddad, Kozak, and Santosh| (2020), and [Ma and Gagliardini| (2020). Further details
are provided in Section OA2. Despite their appeal, these approaches may suffer from misspecification of
the functional form (when parametrically imposed), from an incorrect choice of instruments, and often
from the lack of a fully developed asymptotic theory. An alternative and extremely popular approach in
empirical asset pricing is to exploit rolling windows of data, as in the influential methodology of Fama
and MacBeth! (1973), further refined in |Andersen, Bollerselv, Diebold, and Wu| (2006)), Lewellen and
Nagel (2006), and |Ang and Kristensen (2012)), among others.

My methodology advances this line of work by capturing fully model-free time variation in the
parameters of the factor asset pricing model through time averages over short windows of fixed length
T, particularly in the case T'= 1.

Out-of-Sample Asset Pricing. Understanding the discrepancy between in-sample (IS) and out-of-sample
(OOS) performance is central in empirical asset pricing. Among many important empirical contribu-
tions, (Campbell and Thompson| (2008) show that imposing simple economic constraints (e.g., a non-
negative equity premium) improves OOS forecasts relative to unconstrained regressions, outperforming
the historical mean both statistically and economically. In contrast, Goyal and Welch| (2008) conduct
a comprehensive horse race among popular equity premium predictors using real-time OOS tests, con-
cluding that, for most sample periods and predictors, it is very difficult to beat the historical average
excess return. Rapach, Strauss, and Zhou (2010) and Aiolfi and Timmermann| (2006) advocate forecast
combinations to enhance OOS performance. |[Kelly and Pruitt| (2013)) develop a framework that extracts
market expectations of long-run cash flows and discount rates from the cross-section of asset prices via
present-value identities, and show that these expectations have strong OOS predictive power for risk
premia. In a Bayesian setting, Pettenuzzo, Timmermann, and Valkanov (2014) demonstrate OOS gains
from imposing economic constraints. |Gu, Kelly, and Xiu (2020) show that machine-learning-based mod-
els substantially improve OOS return prediction and deliver high-Sharpe long-short portfolios, while
clarifying which predictors are most important. On the methodological front, Martin/ (2017) derives
an option-implied measure of the expected equity return that does not rely on historical averages and
shows that this measure outperforms conventional predictors in forecasting future market excess returns
out of sample. Martin and Nagel (2019)) examine whether the proliferation of signals and big-data-based
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strategies is consistent with market efficiency, finding that many apparent IS profits largely disappear
when evaluated OOS. [Feng, Giglio, and Xiu/ (2020)) construct a methodology that allows to sort (i.e.,
tame) the hundreds of observed risk factors proposed in the literature, in terms of their ability to ex-
plain the cross-section of asset returns. Bryzgalova, Huang, and Julliard (2023)) use Bayesian Model
Averaging to construct an SDF with superior OOS performance. |Jacquier, Muhle-Karbe, and Mulligan
(2025), extending [Kan, Wang, and Zheng (2024)), analyze theoretically how IS Sharpe ratios of linear
predictive strategies translate into OOS performance.

My paper contributes to the OOS asset pricing literature by establishing analytically the differences
between IS and OOS performance both for tests of pricing ability (based on risk premia or on the SDF)
and for portfolio performance (measured by the Sharpe ratio).

I use my methodology to address the zoo problem, i.e., evaluating the contribution to asset pricing
of the many individual observed risk factors, in terms of both OOS pricing ability and OOS portfolio
performance. In contrast to existing methodologies, I am able to assess the ability of each risk fac-
tor across time, for example in correspondence to specific time periods of interest such as recessions
and expansions. Finally, I am able to assess their pricing ability also adjusting for the possibility of
misspecification bias, evincing whether some risk factor spans additional sources of risk to the core set
of systematic risk factors identified by PCA. I will apply my methodology in terms of the risk premia
pricing ability, and in terms of mean-variance portfolio performance, but not in terms of the SDF pricing
ability, although I provide the complete asymptotic analysis of testing the SDF pricing ability.

In terms of pricing ability test, It emerges that core asset-pricing factors (market, size, value, prof-
itability, investment, momentum, BAB/QMJ, HML Devil) are systematically among the best. Prof-
itability and investment characteristics (HXZ/Fama-French-style) and related variables (NOA/DNOA,
GMA, ORGCAP, CINVEST) perform very well, confirming the importance of the g-factor style di-
mensions. Momentum and liquidity/trading variables (UMD, MOM6M/MOMS12M, IND MOM, ILL,
LIQ_-PS, BASPREAD, ZERO TRADE) are clearly useful but slightly below the very top. Working
capital / balance-sheet composition factors (PCHSALEINV, DNCL, DNCO, SALECASH, SALEINV,
SALEREC, QUICK, CURRAT) are surprisingly strong, often among the top-ranked factors. Accruals
and distress/constraints factors (ACC, ABSACC, KZ, WW) appear moderate, not leading the ranking.
Interestingly, to a certain extent, the high-performing risk factors from my analysis subsume the factors
selected by |[Feng, Giglio, and Xiu (2020)).

Second, comparing crisis-period means of the test statistics to their full-sample counterparts shows
that most of the statistical power is concentrated in crises. For many factors, the average test statistic
in crisis periods exceeds the full-sample average by several units. The market excess return (MktRf)
has a crisis-period mean around 6 while its overall mean is slightly negative, and similar patterns
arise for size (SMB), value (HML), investment (CMA), profitability (RMW), and many zoo factors,
including investment-adjusted cash-flow and intermediary-capital measures. Group-wise, core priced
factors from the modern asset-pricing canon (market, size, value, profitability, investment, momentum,
and extensions such as BAB, QMJ, HML_Devil, and HXZ-style factors) show some of the largest and
most significant crisis shifts, with crisis means well above their overall averages. Profitability, investment,
working-capital, and valuation characteristics also become much more informative in crises, consistent
with balance-sheet strength, investment policy, and operating efficiency mattering most when financial
conditions are tight. Liquidity, volatility, and distress-related variables follow the same qualitative
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pattern: illiquidity and volatility measures, turnover and zero-trade proxies, and financing-constraint
indices (KZ, WW), as well as several accruals and distress-style signals, all exhibit stronger tests in
crises than in normal times. Overall, financial crises appear as periods when risk premia, mispricing,
and cross-sectional return spreads are amplified, making most well-known factors statistically more
visible than in the rest of the sample.

Third, the comparison between the baseline model without PCA and specifications with PCA3 and
PCA5/10 shows that principal-component adjustment substantially reshuffles factor rankings. In the
no-PCA specification, headline factors such as BAB and illiquidity-type measures look crucial, but
they become much less important once PCA absorbs broad common components. Conversely, a set of
“second-tier” characteristics—including nef, nop, saleinv, tang, ato, beta, op, and hire—move into
the upper ranks under PCA, suggesting that they carry priced information that was previously masked
by collinearity and misspecification.

Rankings based on single-factor Sharpe ratios tell a qualitatively similar story when contrasted with
pricing-based rankings: a small core of variables (RF, BAB, herf, HML, CMA, QMJ, roic, and, to
some extent, ms and UMD) score well on both criteria, while many others display sharp trade-offs. For
instance, some characteristics (dncl, cinvest, indmom, pchsaleinv, STR, and several investment-change
measures) are excellent in terms of pricing tests but weak on Sharpe, whereas others (realestate_hxz,
pm, and several microstructure and volatility proxies) look weak in pricing yet strong in Sharpe terms.
These patterns highlight that factor “importance” depends critically on whether one evaluates pricing
ability, portfolio performance, or both, and on how aggressively common components are removed.

I perform a second empirical exercise where I fit traditional multi-factor models, such as FF3, FF5,
and FF5 plus momentum, and compare with latent multi-factor models estimated by PCA. In contrast
to the previous empirical exercise, now I am assuming a multi-factor structure from the outset. Latent
factor models appear more reactive to economic downturns (i.e., recessions), although their portfolio
performance is comparable to the performance of the observed multi-factor models.

The paper proceeds as follows. Section [2| introduces the conditional asset pricing framework and
embeds it in a factor asset pricing setting. Section [3| formalizes the nano-PCA estimator that is valid
when T = 1. Section 4] develops tests of OOS pricing ability of the factor asset pricing model for T" = 1,
both in terms of risk premia and the SDF. It also presents the analysis of mean—variance portfolios and
the corresponding performance measures in the 7" = 1 case. Section || generalizes the methodology to
settings in which the one-factor model is misspecified, that is, when more than one risk factor is needed
to span the cross-section of returns. My methodology is completed by the analysis of multi-factor models
when they are assumed correctly specified, as exemplified in Section [0 Section [7]describes the empirical
applications, which demonstrate the effectiveness of the proposed approach in assessing the ability of
factor asset pricing models to price the cross-section over time. Section |8 concludes. The mathematical
appendix states the technical assumptions and provides the proofs, with additional material relegated
to the Online Appendix.

2  Asset Pricing Setting

I assume that z;,, the excess return on asset 7 at time s, satisfies a one-dimensional conditional factor
model, in the sense that each z;, is a linear function of a single risk factor f; and an idiosyncratic error
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where ;1 is a time-varying intercept, 7;_1 is time-varying risk premium of the risk factor f; satisfying
E—1(ft) = -1, and &_1() denotes the conditional expectation given all information available up to
time ¢ — 1. The scalar coefficient A;;_; is the time-varying risk exposure (i.e., the loading). The index
setsare N =1,2,...and Z =...,—-1,0,1,.... Finally, I assume that a risk-free asset with return rp_;
is tradable for every ¢t € ZJ]

My results are initially developed for the case in which only one time observation, say ¢ (i.e., T = 1),
is available for estimation, relative to a generic time period ¢t € Z, with one additional observation, say
t 4+ 1, used for OOS evaluation (i.e., Tp,s = 1). In this setting, I necessarily restrict to a single risk
factor and assume that the model is correctly specified.

Subsequently, I consider the case in which is misspecified, namely when one still uses 7' = 1 for
estimation but the cross-section of asset returns is actually driven by r; > 1 risk factors. Note that the
number of risk factors is allowed to vary over time. Although the model is estimated using one period
(T = 1), I require at minimum r, + 1 periods of data (i.e., T+ T 4 oos = 1, + 1) to be able to make
inference, i.e., construct the standard errors and the necessary bias-adjustment that mitigates the fixed
T biases.

I will then analyze the correctly-specified multi-factor case with r, > 1, in which the model from
the outset allows for r; risk factors. Estimation requires at least T = r; time periods, whereas inference
requires at minimum 7" + T,.s = 7 + 1 just like for the previous case of misspecification. Although
in both cases of misspecified and correctly-specified models I use r; + 1 periods of data, the latter
case is more efficient, i.e., the test statistics will exhibit a smaller variance because it starts with the
correctly-specified model but, of course, it might lead to incorrect inference should the posited model
be wrong.

Therefore, I will present my methodology along these these three separate settings, namely, first,
when the true and estimated model coincide with a one-factor model, second when the true model is
multi-factor but one keeps estimating a one-factor model, and third when the true and estimated model
coincide with a multi-factor model.

When T' = r; = 1, the conditional factor model can, without loss of generality, be rewritten as a
model with time-invariant parameters,

Ty = o + Nify + e,
since the time dimension plays no role for estimation in this case. I am initially assume the factor f; to
be latent, i.e., not observed. Therefore, I will initially develop the methodology under the latent factor
specification and then show how it simplifies when the risk factor is observed, when for instance the risk
factor is the excess return on a tradable portfolio (including a mimicking portfolio for a non-tradable
risk factor).

The following assumption, which is uncommon in the statistical PCA literature but central in as-
set pricing, provides the structure on &_;(z;) needed for the methodology. Let var,_;(-) denote the
conditional variance given information up to ¢ — 1, and define the excess return on a portfolio p as
R = Why_1Xp., where Wi, | = (wf,_;,...,wR,_,) are the portfolio weights and x; = (x1,...,Zn¢)

3The case in which a risk-free asset is not tradable is analyzed in Section XXX.
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is the N-vector of excess returns realized at the end of period t.

Assumption 1 (asymptotic no-arbitrage) There is no sequence of portfolios p, along any subse-
quence N', such that var,_1(r%,,) — 0 almost surely as N' — oo, while &_1(r%,,) > C > 0 almost
surely for some t € Z and some arbitrary positive constant C'.

Under Assumption [I} together with a limited degree of cross-sectional dependence in ;5 and sufficient
smoothness in the risk exposures A;s_; (see Proposition OA.4 in [Zaffaroni (2025)), the intercept terms

Qg1 Satisfyﬁ

oo
Z a? | <oo as. for every s € T, (2)
i=1

where T, = {t,t + 1} collects the two in-sample and OOS observations.

The square-summability condition on the intercepts «;s_1, known in asset pricing as pricing
errors, implies that I do not need to estimate the «;s_;. This allows me to avoid de-meaning the
Zis. This is trivially essential when T = 1: de-meaning would yield z; — z; = z;; — x5 = 0, since
=171 Zizt Tis = Ti. Even when more than one period is used for estimation—as when both the IS
and OOS observations are exploited so that T+ T,,s = 2—de-meaning must be avoided in the latent

factor case because it would compromise the asymptotic properties of the local-PCA estimatorﬁ
Formulation , together with , represents a conditional version of the APT of Ross (1976).E|

3 Nano-PCA: Principal Component Analysis When 7' =1

I show how to implement PCA for model when T" = 1, which I refer to as nano-PCA, and 1
establish its asymptotic properties as N — oco. Because the analysis focuses on a single period, say
period t, I do not need to impose any assumption on the time evolution of the parameters of the
conditional asset pricing model . Likewise, since I work with a single risk factor, I do not need to
estimate the number of factors.

However, I do require a smoothing assumption on the time behaviour of the variances and covariances
of the idiosyncratic errors e;s, ensuring that they are only mildly temporally dependent for s € {¢,t+41}.

4Condition is the main implication of the APT: £;_1(x;s) may differ from A;s_17vs—1, but not too much in the sense
of . In the unconditional setting, see[Huberman| (1982), (Chamberlain| (1983)), and Ingersoll| (1984)), among others; for the
conditional setting, see |Stambaugh! (1983) and |[Zaffaroni| (2025)[Proposition OA.4]. In general, the APT bound involves

the inverse of the conditional covariance matrix of e;s with elements 01’3,511,5—1 (see, e.g., [Ingersoll (1984, Eq. (9))), that
1)

is, Y0 L qys_1a '3_10(7 71 .7 < o0 a.s. (almost surely); under our assumptions, this reduces to (2.
’ Zz,gfl J 1j,5—1,5—1 Y) p ’
SFor local-PCA to be valid, the time-series dependence of the data must be weak. De-meaning induces e}, = e;s —

T 1 Zle €ir, With T* =T+ T,0s > 2, and the e}, are serially correlated even if the e;s are temporally independent; see
Zaftaroni (2025).

®The APT leads to as follows. Start from x;5 = a;s—1 + Ais—1Fs + €;5 for some initial factor Fy (e.g., a non-
tradable risk factor) and time-varying intercept a;s—1. When E_1(Fs) = 0 one has a;s—1 = Es—1(x;s), although this
is not required here. Under Assumption [I| (and suitable regularity conditions on e;s and A;s_1; see Proposition OA.4
in |Zaffaroni| (2025))), there exists a constant ;1 (the risk premium) such that &_1(zis) = s—1 + Ais—17s—1, where
the pricing errors a;,_1 satisfy (2). Setting fy = Fs + v5-1 — E—1(F;) then yields (1). The risk premium satisfies
Ys—1 = —Tfs—1 (53_1(ms_17st) — E‘g_l(Fg)/rfs_l), as well as vs_1 = E—1(fs), where my_; s denotes the SDF associated
with (see Hansen and Richard| (1987, Theorem 2.1)). |Zaffaroni| (2025) shows that fs is asymptotically equivalent to
the return on a mimicking portfolio as N — oo (see Section OAD5).
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This builds on |Connor and Korajczyk (1986) and Bai (2003), and rules out aggregate (i.e., cross-
sectionally averaged) time-heteroskedasticity in the e . In particular, I require that N~ 32 war(e;,).
converges, at an appropriate rate, to a locally constant limit o2 for each s € {t,t+1} (see Assumption@.
These and the additional regularity conditions needed for nano-PCA are stated in the final appendix
(Assumptions , where I also distinguish clearly between the assumptions needed when 7" = 1 is
used for estimation and the additional ones required when both periods T + T,,s = 2 are exploited for
testing.

As discussed above, I estimate model under a locally constant-parameter specification (w.l.o.g.
because 7' = 1) and without intercepts (by Assumption , using the nano-PCA estimator for the risk
exposures and the risk factor. This estimator is obtained by solving the following least-squares problem
in (N + 1) parameters:

N
L 1 5
, A= argming , — Tit — fA)7, 3
f ST £ 5 N ;( e—f ) ( )
where A = (Aq,...,A\y)". For notational simplicity, I omit the time index for estimated quantities and

retain it only for the corresponding population objects.

The solution to the nano-PCA problem , together with its asymptotic properties as N — oo,
is derived below. Throughout, —, and —,; denote convergence in probability and in distribution,
respectively. All limits in this paper are taken as N — oo with T fixed.

Theorem 1 (Nano-PCA: Solution and Asymptotics)

(i) The solution toA is given by f = %1, corresponding to the (scalar) eigenvector of X,x,/N under
the normalization f* =1, and

Ni = T,

which coincides with the OLS estimate from regressing x;; on f without an intercept, i.e., N = suf g

that, without loss of generality, we set f =1.
When Assumption [{] holds for the single period t:
(ii) The risk factor estimator f is super-consistent:

f = Htft7

where the rotation scalar is given by H, = f; .

(111) When Assumptions and ﬂ hold for the single period t, the risk exposure estimator is inconsistent:
Ai = Ty = /\it—lHt_l + Q-1 + €,

"My assumption allows for time-heteroskedasticity in e;s that evolves independently across stocks (or with mild de-
viations from independence), but rules out a common component in the second-moment dynamics of e;s, except when
that component changes very slowly (e.g., under extremely persistent dynamics). Since T + T,,s = 2, the assumption of
constant error variance (when averaged across assets) over the sample window is mild if the stochastic volatility of e, is
highly persistent (i.e., smooth) and if volatility jumps are excluded.
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and satisfies

1A B
iy = ]]\\[[ —p i H
XA
O\N= —— —p H O')\tH —i—O‘t,

where iy, oy, and o2 are defined in Assumptions @ and @

Remark. Result (i) is entirely driven by the rotation scalar, which is fully pinned down by the eigen-
vector normalization f f /T = f2 = 1. This forces f +1, and we take f > (0 w.l.o.g., as discussed
aboveﬁ In the multifactor case with » > 1, the rotation matrix is generally a function of averages over
the T" > r time observations (see [Zaffaroni (2025, Theorem 1)). When 7" = 1, these time averages
coincide with the single available observation. As a result, the rotation scalar completely absorbs the
latent factor, eliminating any time variation in it. This phenomenon occurs only in the knife-edge case
T=r=1.
Remark. Since \;f = z;, the nano-PCA estimator achieves perfect in-sample fit, i.e.,

et = xip — Nif =0,
leading to Z (xn by if ) = (), exactly as in linear regression when the number of parameters equals the
number of observatlons. As a consequence, o} (the cross-sectional average of var(e;)) is not identified
and cannot be estimated when 7' = 1. Estimating o7 is not required for constructing expected returns,
the SDF, or mean—variance portfolios, in particular their large-N approximations. However, when
constructing test statistics, a consistent estimate of o7 is needed. By exploiting T'+ T,,s = 2 periods, I
will be able to estimate o consistently.

Remark. When 7' = 1, the nano-PCA estimator of the risk factor has no sampling variability once the
rotation scalar is taken into account; it is effectively infinitely precise, so standard errors and confidence
intervals for the factor itself are irrelevant. In contrast, the nano-PCA estimator of the risk exposures
remains noisy, although it is still possible to estimate accurately the first and second moments of \;; 1
when T = 1E| While the first moment of \;_; (up to rotation) can be estimated consistently, the second-
moment estimator is upward biased due to the presence of the o2 term. This bias can be corrected once
a consistent estimator of o7 is available, as shown in the next section.

Remark. When testing the OOS pricing ability and mean—variance OOS portfolio performance of the
asset pricing model, I will exploit data over two periods: one for model estimation (say, period t) and
one for OOS evaluation (say, period ¢ + 1). Thus, I will use the T'+ T,,; = 2 observations jointly to
re-estimate model for the purpose of constructing asymptotically valid test statistics. This in turn
requires bias adjustments based on consistent estimators of ¢ and on the two consecutive realizations

8In the general multifactor case with r > 1, let F denote the 7' x r matrix of eigenvectors of XX/’ / (T'N) associated
with the r largest eigenvalues, where X = (X1 X.n) = (Xe—741. - Xs. -+ Xe.), X3 = (Ti g1 - Tis - - Tit)', and X, 18
defined as above. The normalization F'F/T = I, imposes r(r + 1)/2 constraints. The rotation matrix has 2 free entries,
but when r = 1 we have r(r +1)/2 = 72 = 1, so the rotation matrix is fully determined (although still unobserved). Note
that r2 > r(r + 1)/2 whenever r > 2.

9The lack of consistency of the risk exposures is not driven by the factor being latent (except for the presence of the
rotation scalar): it remains an issue even when f; is an observed risk factor.
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of the risk factor (say, f; and f41)[Y] As explained below, I rely on the limiting distribution theory for
local-PCA in Zaffaroni| (2025)), which is valid for any fixed 7" > r;, where r; denotes the number of risk
factors.

4 Cross Sectional Asset Pricing When T'=1 - Correct Speci-
fication

Cross sectional asset pricing is, generally speaking, about understanding how different assets earn
different risk premia (see Zaffaroni and Zhou| (2024)). Methodologically, it is about developing method-
ologies for estimating, testing, and using asset pricing models when a large cross-section of financial
data, such as returns and firms’ characteristics, is available, typically in the form of panel data. I am
specifically focusing on methodologies for conditonal asset pricing. Although the range of applications
is wide, I am going to focus on three problems that attracted the most interest, namely (i) estimation
of risk premia and testing their pricing ability to fit the cross-section, (ii) mean-variance portfolios con-
struction and their performance evaluation (i.e., Sharpe ratios), and (iii) estimation of the SDF, and
testing its pricing ability.

In my case, I am going to construct methodologies using a single, possibly very large, cross-section of
data, i.e., N large and T equal to one. However, for evaluating the OOS performance, I will necessarily
use two observations (one for IS, one for OOS). Having estimated the asset pricing model with a 7' =1
time observation, that is estimating expected returns, mean-variance portfolios, and the SDF, I will
then use both observations to construct the OOS pricing tests and portfolio’s Sharpe ratio, and the
corresponding bias-adjustments and standard errors.

4.1 Pricing Ability of Risk Premia When 7' =1 - Correct Specification

I now explain how to test the ability of the one-factor asset pricing model to fit the cross-section of
expected returns, i.e., the pricing ability of the risk premium associated with the factor f;, distinguishing
between IS and OOS performance.
I define the IS pricing errors from expected returns as_
hiy = Tit — Aif,
which, by Theorem (i), are identically zero, since h;; = z;; — x;; = 0. Therefore, when T' = 1, IS pricing
performance cannot be assessed.E In contrast, the corresponding OOS pricing errors are
hi,t+1|t =Tit+1 — ANif = Tit+1 — LTt
= Nit—1(fir1 — fo) + €iir1 — €i + ligy1 + i — 1, (4)
where, w.l.o.g., I take t as the estimation period and ¢ + 1 as the OOS period. Expression follows
from substituting and the nano-PCA estimates into ﬁiﬁm. I also impose local constancy of the risk
exposures across the two periods ¢ and ¢t + 1, justified by Assumption [2] below. This assumption rules
out erratic jump-type behavior and motivates the approximation term ¢;3 = (Ais—1 — Ait—1)fs, which
satisfies Zf\il lis—1 = o(N 1/ ). T allow for time variation in the intercepts, a;; # ay;—1, because, by ,
their contribution vanishes asymptotically.

OSince f; and f;1 are now estimated jointly, care is needed in handling the rotation scalar, which will be common
across the two estimates, unlike in the T' =1 case.

HNote that ﬁit = €é;¢, the model residuals, which were shown to be identically zero.
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To test the OOS pricing ability of the factor model in the cross-section of expected returns, I con81der
a test statistic based on the cross-sectional average of the OOS pricing errors hz t+1[t, denoted by Lt+1|t

Because of ., which in turn reflects the 7" = 1 structure, a bias arises: the cross-sectional average
of OOS pricing errors does not converge to zero,

—th t+1lt —7p pon (fre1 — fr),

even when the factor model (1)) is correctly specified and exactly prices the cross-section. This contrasts
with the large-T" case, Where such bias disappears as T" — oo, but where conditional models are more
prone to misspecification.

I therefore need to estimate the bias term py, (fi41 — fi) and the standard errors of the bias-adjusted
pricing test statistic. To this end, I re-estimate the conditional factor model using the local-PCA
method of Zaffaroni (2025)) with 7'+ T,,s = 2 observations. The corresponding risk exposures and factor
realizations are obtained by solving the least-squares problemﬁ

t+1
ft7 ft-l—la = argmlnft,ft+1,)\2N Z Z xzs fs z) ) (5)
where X = (x1 -+ X x) = (X, X411.)', with x; = (24, t+1) E

As is well known f= ( 1 ft+1) equals V2 times the eigenvector associated with the largest eigenvalue
of XX'/(2N), and hence satisfies f'f/2 = 1. The factor loadings are given by

/
A = Xf(f'f)™! X f.
In what follows, I use a hat (*) for nano-PCA estimates based on one observation (7" = 1), and a tilde
(%) for local-PCA estimates based on more than one observation (7" + Tp,s > 2).

Estimation of via local-PCA with two time observations requires additional technical conditions,
listed in the final appendix (Section @ In particular, I need the risk exposures to be locally constant
across the two periods.

Hereafter, for a generic matrix A, let ||A| = [tr(A’A)]'/? denote the Frobenius norm. For deter-
ministic sequences {ay} and {by}, the notation ay = O(by) and ay = o(by) means that |ay|/by < C
(for some constant C' > 0) and that |ay|/by — 0 as N — oo, respectively; the symbols O,(-) and o,(+)
have the analogous meanings in probability.

Assumption 2 (Risk exposures — local smoothness)
IXe-1 = Xe* = o(N172).

For example, one may have A,_1 = Ao+ A1z, for some parameter vector Ag and parameter matrix
Ay, with AJA; = o(N 1/ %), where z,_; is a vector of observed instruments. No restriction is imposed

12 Alternatively, one may construct a related test based on the cross-sectional average of the squared OOS pricing errors

flf 1) Details are available upon request.

13See [Magnus and Neudecker (2007, Chapter 17, Theorem 7) for an elegant proof. An asymptotically equivalent PCA
estimator can be obtained by taking X as the eigenvector of X'X /(2N) corresponding to its largest eigenvalue, multiplied
by VN, and setting f= X;\/N; see Bai and Ng| (2002)). Since N is typically much larger than T = 2, the approach based
on XX’ is computationally more convenient. Recall that the nonzero eigenvalues of X’X and XX’ coincide.

14With a slight abuse of notation, I use the same symbols for the feasible values in as for the true factor realizations

in the data-generating process , to avoid unnecessary proliferation of notation.
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on Ag. The time variation allowed by this specification accommodates, for instance, the case in which
zs_1 follows a (possibly multidimensional) random walk. A further smoothness condition on the second
moments of e;;, analogous to the one used for nano-PCA, is also required; this and other regularity
conditions for local-PCA are collected in the final appendix. Since the time window of length 2 is very
short, these smoothness assumptions are mild.

The next theorem defines the bias-adjusted test statistic and characterizes its behavior under the
null of correct specification and under the alternative.

Theorem 2 (Cross-Sectional Pricing Test — OOS, Correct Specification, 7" = 1)
Define

1A
N

N
Lip1e = N E hivie — Ax(firn — fi),  with  fiy =
=1

(i) Under Assumptions [1] and |38,
VN Ly —a N(0, 02(t_1 Mpe_11) (1= 413, /on,) + AL U AL
where

f
A = (_:u/\tUt1§ ® Mf’“M)?

with £ = (fy, fr1), 6, =1€/2, 011 = (=1,1), My =1, — f{//(f'f), U, being the (T +1)? x (T +1)?
matriz with T = 1 defined in Section and Uy = 0,67.

(ii) Under the same assumptions, and imposing ks = 0, define My = I, — f'f"/2, e=X—ftN, and let
U be the largest eigenvalue of XX'/(2N) — (6%/2)1,. Then

~ o~ . f
A= (—M,\U 1§®be1,1) —p Arpi,

5> =tr(e&)/N —, o, U, —, U,
Gy =NX/N —6%/2 —, H 205, fix —p H 'y,
where U, is obtained by replacing o? and kg with 6* and 0, respectively, in U, and
H = o2y Y2 = 51/
~ t =5 Yt f
(iii) When (1)) does not hold and |Lyy1;| > CN~YV< a.s. for some C,c > 0, we have
\/Nthr”t —p +o00.

Remark. There are many alternative ways to construct feasible pricing tests. For instance, one may
base a test on the squared pricing errors, satisfying,

Zfil hi
L s —p (fre1 — fo)?or, + 207,
suggesting the (bias-adjusted) statistic
i bl
T i= t t rs N ~ ~
Logy1 = TH — (foy1 — f2)?0\ — 25°.

Using arguments analogous to those employed for Et+1|t, one can derive the asymptotic distribution of

VN Ly 1.
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4.1.1 Pricing Ability of Risk Premia When T = 1 - Correct Specification - Observed Risk
Factor

An important, yet specific, case of the pricing test Etﬂ‘t arises when an observed risk factor is used
in model . I denote this factor by f7, to distinguish it from the latent factor ftﬁ This setting covers,
for example, the case in which an analyst wishes to test whether a given portfolio return, such as the
market excess return, prices the cross-section of expected returns.

In this case, the pricing errors iAzit are identical to those in the latent factor case. The difference
arises only in the construction of the bias adjustment and the standard errors. The observed-factor case
can be derived from the latent-factor analysis by treating the factor as non-random from the sampling
perspective (i.e., with no estimation error) and by setting the rotation matrix equal to one. To make
this clear, I reconstruct the pricing errors and the test statistic, and then derive its limiting distribution.

Since f? is observed in , the estimated risk exposures for 7" = 1 are the usual OLS estimators
(“covariance over variance”) computed on a single time observation:

to _ Tify Lit
R

The model-implied expected return is then
ALY = T,

which is identical to the nano-PCA fitted value in , and also coincides with the time-series sample
mean of x; when only one observation is available. Hence the OOS pricing errors are exactly the same
as in the latent factor case: R

h’io,t—‘r1|t =Tit+1 — Affto = Tijp41 — Tit = )\it—l(ft—',-l - ft) + €itr1 — €it + it

so that thﬂ\t = lAzmH‘t. As in the nano-PCA case, ;\9 is a noisy estimator of the true risk exposure:

Q Tt (07738 €it
No="" = A e
fo e f

Relative to nano-PCA, there is now no rotation term, and the observed factor f appears in the denom-
inator because it is not constrained to equal 1.
The main difference with the latent factor case lies in the asymptotics of the pricing test statistic

L Tyhy
] ‘t ~0 o o
t+1]t = N :U’)\<ft+1 - 1),
where the two-period estimator of uS, is
D
y = N )
with
t+1 t+1 t+1 i+1
- o o o g o
o Toxf  YSans Yier | SO .

= S oy S oz T 5 oy TS o

It follows that
41

" A . f°
N\ —1 ~0 __ Zs =t f _i_Op(Nfl/Z)’

N TR T TS ey

15T use the superscript © for all quantities associated with the observed risk factor.
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where e, = N1 Zf\il e;s- Substituting this expression into f}g gt and rearranging yields
e = to 1 Mpo€'ly /N + 0p(N7?),

where e = (e, €41),

fofol

forfo '

v = (L1, =) Mp=Ih—
Therefore, .
V NL?Jrl‘t —d N(O, Ut2 LL171MfoL,1’1) .
The asymptotic variance
2 1 2 (fto+1 B fto)2
oyt Mot 13 =0} | 2— —————
) fo fo
coincides exactly with the variance in Theorem [2] once the sampling variability of the local-PCA factor

estimate is switched off (see Appendix XXX for a proof). To construct the standard error for v N f};’ 1t

it suffices to estimate o7 by

tr(e°e”)
~2

R
where 6° = X — f°A”, and 62 —, 07 (see Appendix XXX).

Remark. One may wish to evaluate OOS performance using non-consecutive periods, e.g., using period
t for estimation and period s for OOS analysis, with s > ¢ + 1, as in multi-step prediction settings.

Remark. In empirical applications, my test statistics can be applied to a sequence of short (possibly
unbalanced) panels of dimension 2 x Ny, indexed by t = 2,...,Tp, where Tj is the overall time span of
the data. This allows one to assess the ability of model to price the cross-section dynamically over
time. The two observations in each panel need not be consecutive. Thus one can compute [A/t|t,1 and
[:fl ., for any 2 <t < Ty, where the quantities o7, uy,, and oy, will, in general, vary across panels. My
empirical application illustrates the flexibility and usefulness of this dynamic approach: for example, one
can revisit the “factor zoo” and examine which observed factors price the cross-section more frequently,
or which are more effective during economic expansions versus recessions, and also compare latent and
observed factor specifications. These issues are explored in detail in the empirical section.

Remark. Because the factor is observed, alternative bias adjustments are possible. For instance, one
can use nano-PCA-based estimates of the risk exposures obtained from either period ¢ or period ¢ + 1
to construct

1’ he 1 he
~o(t) . TN+ ~o(t o o 2o(t+1) _ TNTtH1t ~o(t+1 o o
Ltiiﬁ = T - M,\( )(ft+1 - fi )7 Ltil\t) = T - /i/\( )(ft+1 - ft)a

where the superscript on /1§ indicates whether period ¢ or ¢ 4 1 is used for estimation. Under correct
specification of (1), the limiting distributions are

VNLZY —a N0, o2 (1+ (f20/007) ). VN LR, =a N(0, 0F (14 (f/20)7))
4.2 Mean-Variance Portfolios When 7' =1 - Correct Specification

An investor who posits model and wishes to construct the mean—variance efficient portfolio must

estimate the N-vector of (conditional) portfolio weights

1.,
Wy = gvt 1)\t’7t7
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where
Vt = O-tQJ'AtA:f + O‘?IN

is the (conditional) covariance matrix of the excess returns in (1)), A = (A1, ..., Ane)’, In is the N x N
identity matrix, v, and UZ s denote the conditional risk premium (equal to the conditional mean; see
Footnote [6)) and the conditional variance of the risk factor, respectively, and § is the (constant) risk-
aversion parameter.

Estimating w, is challenging when T' = 1 because both 07 ; and o7 must be estimated "l While o7
can be estimated by the sample second moment fZ (since T' = 1), this approach fails for o7 because the
model achieves perfect in-sample fit when 7" = 1, implying residuals identically equal to zero. A way
forward is to work with the large- N approximation of w;. Using the Sherman—Morrison formula,

AV o, Jg Vi A
Wy = 502 O-t_,? n M)\t/at2> = 502}( <)\;}\t> +o(1), (7)
where o(1) denotes a remainder term that vanishes in the evaluation of wix;,; as N — oo.m Inspecting
@, we see that o2 cancels out: the portfolio weights w; become functionally independent of o2. Hence,
estimation of o2 is not required for constructing the portfolio weights.
This leads to the nano-PCA estimator of wy:

w= 2 (A) =12, ®
572\ o \ XXy

where I used f =1 and A = x, from Theorem [1{i).
I can then define the corresponding portfolio returns, both in-sample and out-of-sample:
Tt = W/Xt, i1t = W/Xtﬂ-
To understand the difference between IS and OOS performance, I exploit the large cross-section and
derive the limiting behavior of these portfolio returns as N — oo. Moreover, using both periods ¢ and
t + 1, I can evaluate the Sharpe ratio of the portfolio (§)), as I can now estimate its volatility, as well as
fr and f;q, via local-PCA with two observations:

5/'T%t +1 = 7Y/ (9)

where

X = %(Xt +X441), S= [(xt —X)(x¢ — X) + (Xp41 — X) (Xer1 — 5{)'].

Theorem 3 (Mean Variance Portfolio - IS and OOS - Correct Specification: 7'=1) When As-
sumptions [1] and [4}{7 hold:

(i)

1 (x}x;) 1
T = 5 (xix,) 0 (10)
1 (X2+1Xt) L (o fefir)
S S i AN 2.2 7 2 VA 11
S e R Ny ) (1)

16In my finite-T setting, the sample moments of the factor, computed from its true realizations, coincide with population
moments.
ITExpression relies on f; being a strong factor for the cross-section, i.e., AjA;/N — oy, > 0 (see Assumption .

17



(i)

(1+ (UAtftft+l))

—~ X5, X)) + (x)x P
SRt,t+1 = ( t;i—l t) ( t/ t> 3 _I_Op(l) —>p SRt,t+1 = ((U)'\:f}t—.if_tjl)) (12)
V(%) = (xixy)) IO W)

11) Under Assumptions || an with kg = 0, for any 0 < a < , setting zo /o the (absolute value
i) Under A ' d ith 0 0 1/2 /2 th bsol [
of the) a/2-th quantzle of the standard normal

P’I“(SRt t+1 — ZQ/QSESR < SRt A1 < SRt 1 + ZQ/QSESR) —1— a, (13)
setting SE3, = w4 Bsragsg, with
Aop = 1 ( _ 168/ NPl /N)? ;(x;th/N)?f(x;xt/N)?)
SR = /<%t /N=x;x;/N)2 2 (xpyxe/N—x;x¢ /N)? 7 2 (xppxe/N=xix¢/N)? ) >

B {20 + 4f26%5 21 f1116%5) ]
S 2f fr16%6\ 61+ (ft +ft+1)‘7 Ox
referring to Theoremlfor the definitions of 52,6, and f;.

Remark. The OOS portfolio return is neither constant nor guaranteed to be positive; the conditions
for positivity can be read off from . A sufficient condition is that f; and f;,; have the same sign,
i.e., that the risk factor is aligned in-sample and out-of-sample. More generally, highlights two key

effects driving OOS performance. There is an attenuation effect, captured by the positive term
(opW

ox fE+ ¥
and a sign effect, governed by the product f; ft+/\1t.féfhe eittenuation effect can be fully mitigated ex post
through a suitable bias adjustment, since it can be estimated accurately using both the IS and OOS
observations. In contrast, the sign effect cannot be controlled ex ante, though it can be quantified and
interpreted.
By comparison, the IS portfolio return is always positive and converges to the constant 1/, a direct
consequence of overfitting under 7' = 1. The corresponding theoretical Sharpe ratio is unbounded.

4.2.1 Mean-Variance Portfolios When. T = 1: Observed Risk Factor

Given that A f = X\° 17, the estimated portfolio weights w for 7" = 1 are unchanged, regardless of
whether the factor is treated as latent and estimated via nano-PCA, or observed. Nonetheless, it is
often of interest to compare, over time, the economic value of different observed risk factors in terms of
their OOS portfolio performance.lﬂ

To make such comparisons meaningful, it is sufficient to use T' = 2 periods for estimation, say t
and t + 1, plus one additional period ¢t + 2 for OOS evaluation. With two periods used for estimation,
portfolio weights no longer remain invariant to the choice of the risk factor, unlike in the T"=1 case.

In this setting, the in-sample window consists of periods ¢ and ¢ + 1, and the T" = 2 estimator of
w1 follows from and from the estimator

t+1
No Z Xsfo
M= SE e "
8This type of horse race evaluates the economic value of observed risk factors through Sharpe ratios, contributing to

the factor zoo literature. It also helps identify whether certain factors are more valuable during expansions and others
during recessions, as explored in the empirical section.
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yielding

where 69 = £7£°/2 and f° = (ff + f211)/2-
The corresponding in-sample and OOS portfolio returns then satisfy

o
Tsjtr1 = XyWo —, fS (%) ;o s=hLt+1,
!
—_ X O->\ f_o
Tipolerl = X oW =y fho <0'>\ +0-t2;<f0,f0)) (6_10”> ‘
t

U)\t

W> and a sign effect

As in the T = 1 case, both an attenuation effect (through the factor

(through f?,,) shape the OOS portfolio return.
Using the three returns ryi1, 74141, and ry 9441, one can construct a Sharpe ratio either from
their sample moments or from the limiting expressions above. Define

/3,0
—~ X'w
SRt,t+1,t+2 =

Vs 1

where

X = —(X¢ + X1 + Xet2),

Wl

and

8 = 2[00 = 200 = %)+ (s = R 0xer = R+ (x4 — %) G2 = %)

Asymptotically, AS:\EMHJJFQ is equivalent to the sample mean of the observed factor over ¢t,t 4+ 1,¢ + 2,
divided by its sample standard deviation, with the OOS observation f? , effectively deflated by the

factor
g At

ox + ot/ (E71°)
Alternatively, one may work with a modified OOS return that mitigates this deflation,

. B ~ 6’)\ 4 62/<folfo) fo
Tipolt+1 = X2+2WO< P = Jiio 6_? )

and then compute the Sharpe ratio using this adjusted OOS return. Standard errors and confidence
intervals for these Sharpe ratios can be obtained using the asymptotic analysis developed in this paper.ﬁ

4.3 Pricing Ability of SDF When 7' =1 - Correct Specification

The one-factor asset pricing model implies the (ex-ante) SDF my ;1 = -+ — Li(le — 'yt), such

Tft 'I’ft Ut2,f
that & (meer12i1) = o /rpe = O(N7Y2), where the rate O(N~'/2) follows from Assumption . Since
the factor is latent, it is convenient to work with the projected SDF:

1
My =— — —%)\fgvt_l(xtﬂ - At%)a (16)

¥Details are available upon request.
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which clearly coincides with M; ;4 = TL - Low, (XtH — )\t%) by the definition of w;.

ft Tft
The natural OOS estimator of M, ¢4, is then
1 1 1 x/x411
M1 = — — —5W Xpp1 = — — t—t+ + 0p(1),
Tft Tft Tft Tft XtXt

recalling that the data are not de-meaned when constructing estimators "]

Using the large- N approximation, we have

1 1
Mtt+1 —, — — Uxtftftﬂ

Tee Tt U)\tft2+o-t2’
so a downward bias induced by o? must be corrected. To this end, consider the bias-adjusted SDF
estimators

- 1 1 x/x; ~ 1 1 xixp
Mf,=——-—"""=0and M},,, = — — ————— 1+ 0,(1), 17
bt T T XXy b+l T TpXxe — No6? p(1) (17)
with M, —, T;t — r;t ftftl = M, ,,. The population (ex-post) OOS SDF M, ,, is in the same spirit

as My 441, but with f; 11 not de-meaned and with ~; and o? s replaced by fi and 12, respectlvelyﬂ
I use Mt":t and Mt,t 41 to construct the sample pricing errors

~

1 - .
— * *
5i,t+1\t =3 (Mt,txit + Mt,t+1$i,t+1)>

which satisfy 1’N(§tﬂ|t/N —p %(.ft _ ftﬂ)f?:lm\t

Theorem 4 (Pricing Test SDF - OOS - Correct Specification: 7' = 1)
Define

- Ry L fin
St+1|t = N ;(Sit—‘rllt - 7”_ft<1 - ] )ft+1,u,\
(i) Under Assumptions [1] and [,
\/Ngtﬂ‘t —a N (O, aj, [af(bgyll\/[fl,m)(l — pf\t/a,\t) + A’Ler,tALl]) , (18)
setting . ;
_ t41
aLt:Tﬂ 1—7), (19)
A= (—,uAtUt_lg ® Myegr) (20)
20The corresponding IS SDF estimator is
My = 2~ Lgw =2 —o,
TR T Tt

again reflecting the overfitting that arises in-sample when T = 1.
21Zaffaroni| (2025) introduces the notion of an ex-post SDF, constructed from ex-post risk premia and the sample

. ——(f,url — f), as opposed to the ex-ante SDF my;;y1. Under the T = 1

Tt Tft o'
constraint (and hence no de-meaning), this express1on simplifies to M, . When T' is fixed, only the ex-post SDF is
identified and can be estimated. Despite the fact that the ex-post SDF differs from the ex-ante SDF by O(T~1/2), its
associated pricing errors are of order O(T~!), making it a valuable object for empirical implementation.

covariance matrix of the factors:
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where 1o, = (0,1, Mf =1, — fI'/(f'f), U, being the (T + 1)* x (T + 1)* matriz with T = 1 defined
in Sectzon., 10, Uy = 0,04, with 65 = £'f/2.

(ii) Under the same assumptions, with ry = 0, setting M =1, — ff'/2, 6 = X — X, and U being the
largest eigenvalue of (XX'/(2N) — (6°/2)I),

. 1 i
=—(1—-—= 21
art 27“ft< 7 ——) —pan (21)
. f
ALI = (—IU)\U 15 (%9 Mflz()l) —p AL17 (22)
5% = tr(e&')/N =, 0%, U, =, Uy, (23)
5\ A/‘7\[ ~2/2 —p Ht O—Awﬁ)\ —p Ht_llu)\t’ <24)

where U, is obtained replaczng o? and Ky, with 6* and zero, respectively, in Uey, and

1 1
N R
H=o03U *=0,".

(iii) When does not hold, and |I~/t+1|t| > ON~Y2+e gq.5. for some C,c > 0, we have
\/Nfzt+1|t —p +o00.

4.3.1 Pricing Ability of SDF When 7 =1 - Observed Risk Factor
Just as in the case of testing the pricing ability of risk premia, an important (though special) case of the
SDF-based pricing test Syy1; arises when an observed risk factor is used in model (I). As before, the

pricing errors b are identical to those in the latent factor case, and the analysis for the observed factor
can be obtained by freezing the sampling variability of the local-PCA factor estimator and setting the
rotation matrix equal to one.

Define
t+1

i ) : o __ Sitiacaf | Sitiesfo | U
z , with A° as in ,1.e.,)\ Ai_q+ Ziﬂz(f) +Zt“(f") +Zt“(f°)

—% + 0,(N~'/2), where &, = N7' 32N e,.. Substltutlng this into t+1|t and rearranging yields
S? 1 = th 1 Mypo€'1y/N + 0,(N712), where vo1 = (0,1), £ = (f7, f2,), My =L — £ Hence,

1]t
\/N l?+1\t —d N(O, O't2 L{),leDLO,l) .
(f2)?
Ut LO 1MfoL0 1= Ut (1 - fg_f}o

coincides exactly with the variance derived in Theorem [4 once the sampling variability of the local- PCA
factor is removed (see Appendix XXX for a proof). To construct the standard error of v N St PRI

i = N fvl Oit1)t — (1 — ft“)ftﬂ,u)\, where the two-period estimator of u, is f§ =

It follows that NAt L

/1,\:

The asymptotic variance

suffices to estimate o by 62, using the procedure described in Section
5 Cross Sectional Asset Pricing When 7' = 1 - Misspecification

My analysis so far has assumed that the factor asset pricing model is correctly specified, i.e.,
that a single risk factor f; suffices to price the cross-section of returns. In practice, however, empirical
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evidence suggests that multiple risk factors are often needed to span the sources of risk driving returns.
In my framework, I allow the number of risk factors to vary over time.

When a multi-factor structure is possible, two main approaches can be pursued.

First, one may continue to estimate the asset pricing model with a single time observation
(T = 1), maintaining (incorrectly) that there is only one factor. In this case, an additional bias
arises on top of the small-sample bias due to T' = 1, namely a misspecification bias. 1 show how to
modify the methodology—in terms of both pricing tests and mean—variance portfolios—to mitigate this
source of bias. When the goal is to assess the pricing ability of a given observed risk factor, I reduce
misspecification bias by estimating the remaining r, — 1 > 0 factors via local-PCA. In all such cases,
although the estimation of the asset pricing model and the associated pricing tests and portfolios can
still be based on a single period (7' = 1), the construction of bias adjustments and standard errors
requires 7, +1 > 1 observations in total, that is, T+ 7T,,; = 14+7T,,s = r;+ 1. Alternatively, one can treat
all r, risk factors as latent and estimate them jointly using local-PCA. Allowing for r, > 1 introduces an
additional challenge: determining the true number of priced factors on short samples of length 7"+ 1.
For this task, I rely on the local-PCA estimator of the number of factors proposed by Zaffaroni (2025).

A second, conceptually different route—developed in the next section—consists of allowing for mul-
tiple factors from the outset when estimating the asset pricing model, and modifying the pricing tests
and mean—variance portfolio statistics accordingly. In this case there is no misspecification by construc-
tion. If r, > 1 factors are included, at least T' = r; time periods are required for estimation, plus at
least one additional observation for OOS analysis. This completely departs from the T' = 1 approach.
Nonetheless, existing empirical work on both portfolio and individual stock data typically finds that the
number of priced (strong) factors is quite small, which makes this approach still attractive in practice.
It is particularly useful, for example, when one wishes to assess the pricing ability of a given multi-factor
model based on observed risk factors—such as the three-factor model of Fama and French| (1993))—from
a conditional perspective, evaluating how its pricing performance varies over time.

5.1 Pricing Ability of Risk Premia When T' =1 - Misspecification

As discussed above, the asset pricing model is now misspecified in the sense that a one-factor
specification is estimated, even though the true DGP is multi-factor. Estimation remains based on a
single period (T' = 1), so the definition of the OOS pricing errors fzi7t+1‘t = Tjst1 — ;\Zf does not change.
However, under the true multi-factor structure, ﬁi,t+1|t satisfies

Rigiipe = N1 (fopr — f2) + X1 (Fegr — Fi) + €51 — € + ligr + i — g1,
because I now assume that the cross-section of returns follows the r,-factor model
Tip = Qup—1 + )\it—lfto + }‘{it—lFt + €it, for all t € Z, 1€ N, (25)
where f? is an observed factor with exposure A;;_1, F; is an (r; — 1) x 1 vector of latent factors with
exposures A1, and ;1 = (A — A1) Fepr + (Aie — Ai—1) f2.1- Two special cases are of particular
interest: (i) the case in which no observed factor is posited and all r, factors are latent, and (ii) the
opposite case in which all r; factors are observed. Both are treated below as special cases of .

~

In this multi-factor setting, h;y1; is contaminated not only by the small-sample bias arising from
T =1, but also by a misspecification bias. To construct a pricing test with correct asymptotic size and
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power, this additional bias must be accounted for. Indeed,

Tyhy o
Nl —p :u)\t<ft+1_ft)+/~"’§\t(Ft+1_Ft);

where Aj_1n/N — pp, for Ayy = (Aip—1, -, Ane—1), and Ay 1n /N — py, for Aemg = (Ai—1, -, Ane—1)

To proceed, I estimate the multi-factor version of using the local-PCA methodology of Zaffaroni
(2025) with 7'+ Tp,ps = 14 + 1 > 2 observations. Let 7, = {t — T+ 1,...,t + 1} denote the estimation
window. Given the emphasis on evaluating the pricing ability of the observed factor f?, it is convenient
to estimate the remaining 7, — 1 latent factors F; under the restriction that they are orthogonal to f;.

Specifically, I first estimate the factor loadings on f? as if it were the only regressor:

< X'fe
AO = fo/ o
where X is the (7 + 1) x N matrix of returns and £° = (f7_;,q,..., f1)'- As before, I must use 7'+ 1
periods; otherwise, with "= 1 + (r, — 1) = 7, the model would fit perfectly and ¢? could not be
estimated.

Next, I orthogonalize the data with respect to f? by applying X* = M X, My = Ip; — %,
and then run local-PCA on X*. Formally,

F, A= argming 5 ————— TN Z Z z, — FLA (26)

s€Tt i=1
where A = (Aq,...,Ay) and z¥, denotes the (i, s)-entry of X*. The matrix F = (Fi_r4q,...,Fiq) is
the (T'+1) x (r; — 1) matrix of estimated factors and consists of the (r, — 1) eigenvectors of X*X*’ J((T+
1)N) associated with its largest rt — 1 eigenvalues, Scaled by T + 1. Hence F'F/(T +1) =1,,_, and
A=A, .. Ay) = XYF(F'F)! = XYF/(T + 1) 2
The assumptlons in Appendix XXX imply that all time-varying parameters are locally constant over
the (T + 1)-period window. In particular, the factor loadings satisfy:

)

Assumption 3 (Risk exposures — smoothness, case r; > 1) For a given matriz A;_1,
|As — Aeq || = o(NY?)  for every s € T;.

The number of factors r; is allowed to vary over time, but not within the short window of length
T+1. Many economically relevant forms of time variation in loadings are encompassed by Assumption
and its extension here”]

Since the time window 7; of length 7'+ 1 (with 7" = r), is still very short, the required smoothness of
the loadings and other parameters is relatively mild. Moreover, by construction, the local-PCA factors
are orthogonal to f°, and thus, without loss of generality, I assume the true latent factors F are also

22G8ee [Magnus and Neudecker| (2007, Chapter 17, Theorem 7) for a proof. An asymptotically equivalent PCA estimator
is obtained by taking AT as the (r; — 1) eigenvectors of X*X*/((T 4 1)N) corresponding to the largest eigenvalues,
scaled by VN, and setting F = X*Af/N; see Bai and Ngf (2002). Since N > T + 1, the formulation based on X*X* is
computationally more convenient. The nonzero eigenvalues of X*' X* and X*X*' coincide.

#3Consistency of local-PCA only requires the weaker condition sup,c7. [[As — A¢—1]|?> = o(N), whereas the limiting
distribution results need the sharper o(N Y 2) rate. I do not distinguish between these for expositional simplicity. A
related smoothness condition appears in Bates, Plagborg-Mgller, Stock, and Watson| (2013)), although their rate depends
on both N and T because they study constant-PCA.
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orthogonal to £°[]

Although I present explicitly the case in which the true model is spanned by one observed factor
and (r, — 1) latent factors, the case with no observed factor arises as a special case (by dropping f7).
Another special case arises when there are no latent risk factors. In all cases, I initially estimate via
nano-PCA, but for inference (pricing tests and portfolio analysis) I employ OLS for the observed factor
f¢ and local-PCA for the latent factors Fy, as described above.

Theorem 5 (Pricing Test Cross Section - OOS - Misspecification: T = ;)
Define

N
7 miss 1 7 ~0( fo o ~! (T I 41 ~o0 0 ~ A
t+1t = N Z higsre — B (feen — f7) — BA(Fer — Fy), with i = X”1n/N and fix = A'1y/N.
i=1
(i) Under Assumptions [1] and [,

\/N~£n_~z_sth —q N <O7 O-tz(l’;)—lleOMFLO*H)(l - l’l’iAt_12KLluAt—1) T AlLer’tAlJ) ’ (27)
setting
1 _
=) FU "pa, ® —MjpoMpto_11). (28)

where to-11 = (0_1,—1,1), 'Myo = Ipyq — 1/ (£7€°), My = Iy — F(E'F)'F/, U, being the
(T +1)% x (T + 1) matriz with T = r; defined in Section U, is the diagonal matriz of the (r; — 1)
eirgenvalues of fJFEAt, with eigenvector matrix Y.

(11) Under the same assumptions, with ks = 0, setting Mp = Ip ) — F(F'F)'F, é=X*—FA’, and
U being the (r; — 1) largest eigenvalues of (X*X* /(T + 1)N) — (62/(T + 1))Ir41),

~ 1 ~ o~ -

A = m(FU_lﬂA ® —MgMjoro-11) —p Ap, (29)
5% =tr(e&)/N —, o2, U, —, U, (30)
YA =AA/N =G/ (T+ D)1,y =, Hy'S4 H Y, iy —, Hy L, (31)

where U, is obtained replacing o? and k4 with 6° and zero, respectively, in U.,, and

1 _1
H =32 TU,*

(111) When does not hold, and |Liy1;| > CN~Y2*¢ a.s. for some C,c > 0,
\/NLt—&—Ht —p +o00.

24Equivalently, one can always reparametrize the r,-factor model via projections so that F and f° are orthogonal. Let
P = fof/(££°), with Pyo + Mo = Iryq. Then

X=fN+FA+e=1°N+[PrpF+MpF|A+e=1A"+FA+e,

with A* = X+ AF'f°/(f7f°) and F* = M.F. This yields time-series orthogonality between the latent and observed
factors, at the cost of inducing cross-sectional dependence between the corresponding loadings (unless F and f° are already
orthogonal).
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When no observed risk factor is posited, I can derlve the asymptotics of the pricing test as a special
case of Theorem | in which all r; factors are latent In this setting, hz t+1]¢ satisfies
hz,t+1\t =X, (Frpn —Fy) + Cit1 — €it + Lipy1 + Qi — Qg
where F; is an r; X 1 vector of latent factors, A;_; is the corresponding r; x 1 vector of factor
loadings, and ¢;;11 = (A — Ait—1)'Fey1, with Zf\il Rigyie/N - = Mﬁxt(FtH — Fy), and p,, =

A, 1y

limpy o0 -~ A = (Al,t—h Cee >\N,t—1)/.
Since there is no observed factor, I apply local- PCA direetly to Xﬁ]
F, A= i is — FLA 2
: argming p ————— T+1 ;; T (32)
where F = (Fy_r41,...,Fiy) is the (T + 1) x r, matrix of estimated factors, consisting of the r,

eigenvectors of XX'/((T' + 1)N) corresponding to the largest r; eigenvalues, scaled by v/T' + 1, so that
FF/(T+1) =1, A=XF/(T+1).
The bias-adjusted pricing test statistic is now

7 miss 1 7 ~! (T I
t+1lt = N Z Pt — fiy(Fep — Fy),
i=1
where iy = A'1x /N, with limiting distribution
VN Iz —a N(0, 0F (dhonMeton) (1- iy, Zal poay ) + AL UG AL ).,
obtained from Theorem [j] after dropping M. entirely. In particular,

1
Ay =——(FU! —MFpto_
L1 T—|—1( ¢ HA, @ Flo 11)7

where F collects the true factor realizations over T;, My = Iryi — F(F'F)"'F/, U, is the diagonal
matrix of the 7, eigenvalues of XX, (with eigenvector matrix X'), and U, is the (T'+ 1)* x (T'+ 1)
matrix with 7" = r; deﬁned in Section Moreover, with € = X — FA’ and U denoting the r; largest

eigenvalues of T)i)f) ~ 7 +1IT+1a we have
1 ~
A= T—H(FU "oy ® —M]_:ﬂbofn) —p Api,

5* = tr(e&)/N —, of,

~2

Sh=AA/N — TU—HI” o, H'S, H Y,

[:l'/\ _>P H_IH’A:J
where H; is the (invertible) rotation matrix mapping the true factors F to their estimated counterparts
F, and all other notation is as in Theorem [5

5.2 Mean-Variance Portfolios When 7' = 1 - Misspecification.

The investor continues to (incorrectly) believe that is the true one-factor model and therefore

constructs the mean—variance portfolio with 7' = 1 using the nano-PCA estimator (), w = % (X’,‘;t)
t

25 An analogous result can be derived for the case of r; observed risk factors, but I do not pursue this here. Instead, I
consider the case of r; observed factors under a correctly specified multi-factor model in Section @

26See Footnote
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In reality, however, there are r, > 1 risk factors spanning the cross-section of returns.
The construction of the IS and OOS portfolio returns and of the Sharpe ratio is unchanged, since

%W

it still relies on 7" = 1. Thus, ry; = W'xy, Terit = WXepq, and SRy = N where x =

(% + Xe41), S = %[(xt —X)(x¢ — X) + (X1 — X)(Xpy1 — )’c)/] The limiting behavior of these
quantities, however, now reflects the true r;-factor structure rather than the misspecified one-factor
model.

Unlike the previous section, where I first develop the case of one observed risk factor with the
remaining r; — 1 latent factors, then generalizing to all latent or all observed risk factors, here I am
considering only the case when the risk factors are all latent and estimated by local-PCA, as it appears
more relevant in this context of misspecification. The results can be easily adapted to the other cases of
one observed risk factor plus r; — 1 latent risk factors, or when all factors are observed (see footnote .

Finally, in the mean—variance portfolio analysis I deliberately do not construct a formal test statistic
(although this would be possible), so no additional bias adjustment is required. Instead, I provide
asymptotically valid standard errors for the Sharpe ratio, which of course require 7'+ 1 > r; periods of
data, merging the IS and the OOS periods.

Theorem 6 (Mean Variance Portfolio - IS and OOS - Misspecification: 7' = r,) When Assump-
tions [1 and [4{7 hold:

(i)

1(xjx;) 1
Tt‘t - S (szt) = 5 (33)
r _ 1(X2+1Xt> N 1 (F:erlEAtFt) (34)
TS (xix) 7O (FiZAF 4 07)
(ii)
(F., SA Fy)

- / / (1+ %)
Ty = — e XD CX) ) 9R, = LECIRITHES (35)

\/((Xt—l-lxt) - (tht)) |(1 — m|

(111) Assumptions (1| and @@ with kg =0, for any 0 < a < 1/2, setting 24/ the (absolute value of the)
a/2-th quantile of the standard normal

PT(S~Rt,t+1 — 20/29Esr < SRiyp1 < SRy + 2025Esk) = 1 — (36)
setting SE3p = 18\ gpA1srA15R, With
A — 1 1 (x;_th/N)Qf(xth/N)z 1 (x2+1xt/N)2*(xth/N)2>
sk = \/(xéJrlxt/N—xgxt/N)2 (1 2 (x4 xe/N—x;x¢/N)? ’1 - 2 (xjyxe/N—x;xt/N)? ’
Arn _ 254 + g&ngﬁ:AE ~25~2ﬁ;~2AF~t+1 o
25°F, X AF 1 0t + 2(F}3AF; + F, 3AF. )]’

referring to Theorem @ for the definitions of 2,3, and F,.

Remark. As in the T' = 1 correctly specified case, the OOS portfolio return is neither constant
nor guaranteed to be positive; the conditions for positivity can be derived from its limiting expression.
A sufficient condition is that the factor realizations F; and F,,; are aligned, so that their contribution
to the portfolio return has a non—negative sign. There remains an attenuation effect, captured by the
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positive term
F,¥A,F; + 07,

which dampens the magnitude of the OOS portfolio return. This attenuation can be fully mitigated by
an appropriate bias adjustment, since this term can be estimated accurately using both the in-sample
and out-of-sample observations.

5.3 Pricing Ability of SDF When 7' = 1 - Misspecification.

As the investor continues to believe that the one-factor asset pricing model holds, the implied
estimator for the OOS M, is still given by Mt’tﬂ =L LIiw(xy) = L - L XiXeel 0p(1).

T T T T X Xt
although now, when the r;-factor model holds, made up byftthe Slﬁgle observed risflti factfgr ft and r, — 1
latent risk factors Fy,
1 L (F:SJrlEAtFt + ffferlO-)\t) (37)
rre o i (FiEAF A+ (f7)0s, +07)
where to simplify the exposition I am also assuming cross-sectional orthogonality between the \;;_; and
Ait_1, leading to the corrected OOS SDF estimator, using the local-PCA with T'+ 1 = r; + 1 periods of

data,

Mt 4+l —7p

~ ~ 1 1 x'x
* * - tt+1
My, =0and My, , = — — —

_— 1 38
Tft TftstXt—N52+Op( ) (38)

using ]\;[t’ft and Mt’ft 41 to derive the sample pricing errors 5it+1|t = %(Mt’ftxit + Mgt L 1Tit41), satisfying
1 (1 (BB F+ 2o

5 N —, —
Z 1t/ P 2ry (FiXA,Fo 4+ (f2)%0,)

) (f1f0+1/~’6)\t + F%—&—ll‘l’At)'

Theorem 7 (Pricing Test Cross SDF- OOS - Misspecification: T = r;)
Define

N SR .
gimi 1 g 1 (FiaZaF + [P f2000) - .
miss — 51 ——— 1= j—~ ~ tJit+1 o fo + /F ’ 39
1t = N ; A1t % < (F/SAF, + (f0)%5) (:u)\ft—i-l AF 1) (39)
with 1§ = A1x/N and fin = A'1y/N. (40)
(i) Under Assumptions[1] and [3§,
VNS, 4 N (003,007 (Mo Mreo) (1= iy, B3] pa) + A UAnl),  (4D)
setting
1 F, 3\ F
4 = —— <1 ( L1 At ft;lfto—)\t>> (42)
2Tft (FtEAtFt + ft U)\z)
1
A= ——(FU; 'up, ® —M;Mpigy). (43)

(T'+1)
where to; = (0%7,1)', Mg = Iy — F(F'F)'F', U, being the (T +1)* x (T + 1)* matriz with T = r,
defined in Section U, is the diagonal matriz of the ry — 1 eigenvalues of XpXia,, with eigenvector
matriz Y.
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Cii) Under the same assumptions, with kg = 0, setting Mg = Ipy; — F (F F)~ IF & =X*—FA/, and
U being the ry — 1 largest eigenvalues of (X*X* /(T + 1)N) — (6%/(T + 1))Ir41),

F/,  3AF 5
&Lt _ L 1 . ( t+~1 ~A Nt + ft;];fto—)\) _>p CI,Lt’ (44)
Tt (Fi3XAF, + f70))
A= m(f‘ﬁ{lfm ® —MgMjio1) =, Ap, (45)
5° =tr(e&)/N =, 02, U, —, Uy, (46)
Sa=AA/N-G2)(T+1I,,_ L H, 'S H Y, oy —, Hy g, (47)

where U, is obtained replacing o2 and k4y with 6% and zero, respectively, in Uy, and

1 _1
Ht = ZitfthUt 2,

ii) When () does not hold, and |Syi1| > CN=Y2¢ q.s. for some C,c > 0,
( ) +1]
VINSiy1p —p £00.

For the case of no observed risk factor being assumed, implying that the bias-adjustment only
involves r; latent risk factors,

Ty = g1+ Ny | Fy + ey for every t € Z and i € N, (48)
estimated local-PCA as explained above, the above formulae simplify to S;“ﬁ‘st = %27{11 5i,t+1|t —
= (1 %) (@\Fo11), with limiting distribution

VNSESE —a N (0,03 (07 (0 Mrtor) (1= s, Tal pias) + AL UAL]) (49)
1 (F,  SAF)\ . .
which is derived from Theoremlbut Omlttlilg M. entirely, where ar; = T <1 — m>, implying
= —(FU;! -M . 50
=Ty 1>( Ba, @ rlo1) (50)

where now Uy, is the diagonal matrix of the r; eigenvalues of EFE A,, with eigenvector matrix Y.
Moreover, & = X — FA’, U being the r, largest eigenvalues of (XX'/((T + 1)N) — (62/(T + 1))Ip4,),
and

= L M —p ALt (51)
274 (F/XAF))

- 1 L

A = (T+1) (FU; ' fia ® —Mgeor) —p AL, (52)
= tr(&e')/N —, o7, (53)

YA=AA/N-G/(T+ DI, =, H'SAH Y, iy —, H 'pa,, (54)

with all the other definitions still standing.
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6 Cross Sectional Asset Pricing When T' = r, + 1 - Correct

Specification
In this section, I consider the case in which a multi-factor model is specified from the outset, replacing

with :

T = Qg1+ Mg fP + Ny Fy+ ey foreveryt € Z andi e N.

This corresponds to the standard framework in empirical asset pricing—a correctly specified multi-factor
model. The key difference with the common practice is that I estimate the model using a very small
number of time observations (7' = r; + 1) in order to capture time variation in the parameters within
a conditional asset pricing setting. In addition, at least one further time observation is required for
out-of-sample (OOS) analysis.

As before, I begin with the case of one observed risk factor, f;, and r, —1 latent risk factors, Fy, and
then consider the case in which all risk factors are latent. A third case is also of interest: a multi-factor
model spanned exclusively by observed risk factors. This situation arises, for example, when assessing
the pricing performance of the Fama and French (1993) three-factor model, among many other models
proposed in the literature. Once again, however, the emphasis is on evaluating the performance of such
well-known factor models from a conditional asset pricing perspective.

6.1 Pricing Ability of Risk Premia When 7' = r;+1 - Correct Specification

Given that I now assume the r;-factor model from the outset, at least r; time observations are
required for estimation. However, as I now explain, I use T' = r; + 1 periods for estimation. Indeed,
when only r; periods are employed, the estimated factor model attains a perfect fit, namely
vy — 31 o+ AVE.
where the dagger superscript ()T denotes estimates obtained using 7" = r; periods. Consequently, the
pricing errors for model satisfy . o
h’:,'rt+1|t = zirpr — AP = AR = i — a2, (55)
which coincides with (4)), i.e., the case T' = 1 under the single-factor model ().
By contrast, if pricing errors are constructed using 7" = r, + 1 observations for estimation, yielding
hit+1|t =T — AN — A;Ft; (56)
then izz»tﬂ‘t now reflects the r;-factor structure. Important special cases include: (i) all factors latent,
obtained by omitting f?; and (ii) all factors observed, again omitting f{ and replacing the local-PCA
estimates F, with the r-dimensional vector of observed risk factors F?, popular examples being the
three- or five-factor specifications of |[Fama and French! (1993| [2015)). Setting 7" = r, > 1 also introduces
additional complications (which do not arise when 7, = 1) in the construction of mean-variance port-
folios. For example, the sample covariance matrix of the r; risk factors—required to be invertible for
portfolio construction—is singular, as discussed below.
Since more than one period of data is available for IS estimation, one may also consider pricing
errors based on estimated expected returns: -
hitie = T — A — AF, (57)
where fo=T"! ZZZFTH 12, F=7"1 ZZ:FTH fs are the sample means computed over the T obser-
vations IS. This definition can be extended to the case where T,,; > 1 observations are used for OOS

29



. . . — No r N . — — T+Toos
evaluation, leading to the metric Z; oos — A/ f° — NF, setting Z; 005 = Type s=+T+l

Again, it would be necessary to consider 7' > r,+ 1 because when T = r,, the perfect fit implies that
the model-implied estimator of expected returns coincides with the (local) sample mean of returns, i.e.,
5\2 fO’T —i—S\Z/FT = ij =71 Zzzt_” 41 Tis, SO that hfgjfl = Tj11— EI Hence, any combination of observed
and latent risk factors yields identical pricing errors{*'| However, consistent with the overall analysis, I
do not further develop the methodology based on h but instead focus on A1), although admittily

ave
it41t

the former may also be of interest. The asymptotic analysis for ho¢

i1 can be derived using the same
arguments.ﬁ
Therefore, I focus on (H6]) except that I denote by A2 1; and F_ 1.+ the quantities estimated by OLS and
local PCA, respectlvely, usmg T = r;+ 1 observations (the IS period), as in Section [5.1] E Defining l;;11 =
(At — i~ 1) Frot + (Mt — Ait—1) £y it follows that 377 higne/N =, i, (fog — £7) + sy, (Frar — Fy).
To construct the pricing test statistic, I re-estimate the model via local PCA using now T+ 1 = r;+2
periods, so as to capture F;. 1, obtaining X: and F,. Using both sets of local-PCA estimates—based on

T and T + 1 periods, respectively—to quantify the bias, I define the pricing test statistic as follows.

Theorem 8 (Pricing Test Cross Section - OOS - Correct Specification: 7' =r; 4 1)
Define

Lo, = Z hiere/ N — (B f o — B0 f0) — (BAF e — AL AF 1), (58)

with i3 = X’ 1x/N and fin = A1y /N corresponding to v + 2 observations, (59)

and i \ = =X 1x/N and iy x = A | 15/N corresponding to 7 + 1 observations. (60)
(i) Under Assumptions [1] and |8,

VNLET, <4 N (0,07 (tyMp-Mrtor)(1 — i, £x pia,) + Ay UoiArs) (61)
setting

1
A, =—(FU! —M ;.M . 62
L1 T+ 1)( : A, @ foMpLor) (62)

where to; = (04,1) with T =r;+ 1, Mo = Iy, — £o17/(£7£°), Mg = Ir,; — F(F'F)'F/, U, being
the (T + 1)? x (T + 1)% matriz with T = ry + 1 defined in Section U, is the diagonal matriz of the
ry — 1 eigenvalues of iFZAt, with eigenvector matrixz Y.

(ii) Under the same assumptions, with ry = 0, setting Mz = Iy — F(F'F)"'F/, é = X* — FA’, and
U being the r, — 1 largest eigenvalues of (X*X* /(T 4+ 1)N) — (62/(T + 1))Iry1),

A= FU iy ® —M oM A 63
L1 T+ 1)( HA @ FoMptor) —p Apr, (63)
= tr(e&')/N —, o2, U, =, U, (64)
SA=AA/N-G/(T+ DL, —, B 'SAH Y, iy —, H ' pa,, (65)

2"Model (25]) is estimated without an intercept (i.e., without demeaning), so the residuals do not necessarily have zero
sample mean.
28Details are available upon request.
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where U, is obtained replacing o? and k4 with > and zero respectively, in U, and

H, = ETU

(iii) When () does not hold, and |Li1y| > CN~Y?*¢ a.s. for some C,c > 0,
\/NLt+1|t —p +o0.

Comparing the pricing test statistic Lfflr't with L'g‘fls‘t, corresponding to the misspecification case,
one can see the gain in efficiency stemming from positing the r;-factor model from the outset rather than
using it only to quantify the bias adjustment, as for i;“fﬁt In fact, the asymptotic covariance matrix
of Lgfﬁt is smaller than the one for ng‘flslt This can be seen by comparing the two covariance matrices
term by term. In particular, (LOleoMFL()l) is smaller than (L{,_HMfoMFLO_H), the former being
approximately half of the latterm A similar argument holds for the second term of the asymptotic

covariance matrix, where the divergence can be even stronger due to the 1/7" term in the case L;“fﬁt,

which is larger than the 1/(7 4 1) term that enters the corresponding quantity in Lfi]ﬁt

When no observed risk factor is posited, I can derive the asymptotics of the pricing test as a special

case of Theorem [§] for the case when the r; risk factors are all assumed latent, where

hzt+1\t =Xy Fron + eigr + lisg1 + aue — N 1 ZF Lt
for an r; x 1 vector of latent risk factors F;, and a corresponding 7; x 1 vector of risk exposures A;_1,
where now l;11 = (Aig — Aig—1) Feyq, and ZZ L ,t+1|t/N —p iy, (Frp — Fy).

As there is no observed risk factor, I can derive the local PCA for X directly from m In
particular, let F = (Fi_ryq, ... ,Ft+1)’ be the matrix of the r, eigenvectors, multiplied by /7T + 1,
corresponding to the largest 7, eigenvalues of XX'/((T +1)N), satisfying F'F/(T+1)=1,, and define
A=XF/T+1)

The test statistic now takes the form

LT, = — Z higsape — (BAFn — B aF 14),
with limiting distribution
VN L5 —a N(0, 07 (1, Mrtor) (1 — py, Sl pa, ) +A21Ue,tAL1)a (66)
which is derived from Theorem (8| by omitting M. entirely, implying

1 _
AL1 = ij—H(FUt IIJ/At ® _MFL()l)a (67)

29This can be seen by noting that (L(anoMFLOl) Zt 1 vtut T4 where v, and ury; are the eigenvalues and
the (7' 4 1)th eigenvector of the projection matrix MpoMpg. As the eigenvalues satisfy v; = 1 for 1 < t < T — 1,

then ZZ:? Utu?’TJrl = Zfz_ll vtu?,TJrl ~ EtT:_ll uf)TJrl ~ 1, the approximation improving with 7. On the other
T+1 T—1 T— 1 T-1 .
hand, (L6_11Mf‘7MFLO—11) = Zt:—i ’l}t(ut7T+1 — ut,T) Et 1 ut T+1 + E 2 22t:1 Ut, T+1Ut, T ~ 2, sice
ZtT:_ll w41, ~ 0 by the mutual orthogonality of the eigenvectors (it is 1dentlcally zero when summing over
1 <t <T+1), and the first two sums are each approximately equal to one. These approximations improve with
T.
30See footnote
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where U, is the diagonal matrix of the r; eigenvalues of SpE A,, With eigenvector matrix Y;. Moreover,

let & = X — FA/, and let U be the r, largest eigenvalues of % - T&_JilIT'H’ and define
1

ALI = T—H(ﬁﬁt_lﬂA ® _Mf‘[/01> _>p AL17 (68)
5* =tr(e&)/N —, o}, (69)
~2
~ ~ o~ ag _ —
YA=AA/N— 7l = H 'SaHY, (70)
ljl’)\ —p H;IH’AM (71)

with all the other definitions still standing.

Finally, as another important special case of Theorem [8, I consider the case when the r; risk factors
F? are assumed observed. In this case, the test statistic takes the form

1 N
Fo-corr — B . (~0/F0 _ ~ol Fo)
tHlt = 7y i t+1|t PAarir — Bty ),
i=1

with limiting distribution

VN LS —a N(0, 07 (1, Mreton) ). (72)

This is derived again from Theorem [§, but now omitting My, and imposing no estimation uncertainty
on the risk factors (and setting the rotation matrix equal to the identity matrix of size ry x ry). This
result is very useful, as one can now test the (time-varying) pricing ability of the various multifactor
asset pricing models proposed in the empirical asset pricing literature for the case of observed risk
factors, starting with the three-factor model of [Fama and French| (1993) ]

6.2 Mean-Variance Portfolios When 7'=r; + 1 - Correct Specification

The investor is aware that the multi-factor model holds. As before, I first consider the case
in which the factor space consists of a single observed factor f? and r; — 1 latent factors F;, and then
discuss the special cases in which the r; risk factors are either all latent or all observed.

I construct mean—variance portfolios with 7" = r; + 1 > 1 using the local-PCA estimator, after

31 Among many others XXX.
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orthogonalizing with respect to the observed risk factor f7. This yieldﬁ

et [ L
w=:B (B’B) st | (73)
S.'F
where
A ~ o~ X'fo X'F _ 1..f° foM,, f°
BE(A,A): o), =T 2,= T
fofo’ T T % T
- F1; -~ FM.F x =
F = TT, SFE%:IH,l—FF’.

As periods from t—T'+1 to t, are used for estimation, where T' = r;+1, perfect fit is not achieved, namely
X # fA + FA’ , and T can now estimate o2. However, this is not relevant for portfolio construction as
one does not need to estimate o? using the large-N approximation. Moreover, as I now have T > 1
periods, I can afford de-meaning the data to construct the sample variance and covariance matrix of
the observed and latent factors, i.e., sfco and Sy use de-meaned data for portfolio construction. I thus

obtain a simplified large- N representation for the portfolio returns:

Tt—T+1 .
: :(?()VNV: <f,F>c—|—0p(1) 7 (74)
Tt X1 (fe1: Fiyr) Ce+0,(1)
Tt
where
Xol}\o &2 5\0/[& Xo/ﬂo Xo/[x -1 f—o
_| N ffe N NN _| &
=1 "Ax AR G . Ax AT
N N T N F

32Mean—variance theory implies that the (conditional) population portfolio weights under are

1 1 1 E (fto-i-l)
Wi = th_IBt’)’t = gBt (Bi{By) Sfr +o(1),
SH'E; (Fit1)

where the approximation holds for large N (the o,(1) term indicating that the same portfolio return is obtained asymp-
totically in N). Here,
vi—B (7 Y \B4ou
t=5t{ o e t t+N

is the (conditional) population covariance matrix of excess returns in , B; = (A, Ay), and ~; is the r4-dimensional
vector of risk premia associated with (f?, F})’ (i.e., equal to their conditional means; see footnote [6). Moreover, UJ%O and
¥ denote the population variance and covariance matrix of f? and Fy, respectively, and 0 is the (constant) risk-aversion
parameter.
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When no observed risk factor is present, one obtains

Tt—T+1 -
: F S_ F +o (1)
° f— A/A ~9 E -1 Af)]\ S 1 = (75)
Tt F£+1 (T — %I”) <T> SF F + OP(l)
T't41
whereas in the case of no latent factors, with r; > 1 observed risk factors, the expression becomes
Tt—T41 _
. F°SiF° + 0,(1)
AO/ A O ~ -1 A O/ A O = 5 76
" FoL, (A4 - 2L, ) (A5AY) SEEY 4 0,(1) (76)
Tt

where now all r, factors are observed and A° = X'F° (F* FO)_1

For each of the above cases, one can compute the sample Sharpe ratio 371’17‘ t+1 = T/s,, where

_ 1 T Jeees T, T M T yeeesTEsT
7= e ’”’”“) L st = (re—T1,TtTe41) }T( T ) Its limiting distribution, along with

correspondlng standard errors, can be derived using the asymptotic analysis in Theorems |3 I and |§||f|

As expected, the IS return has always a positive valued SR, as it is equals to the square root of
the sum of two quadratic form.ﬁ. More interestingly, as for the previous cases, one can deduce the
conditions for positivity of the OOS returns (and SR), namely that the OOS return is aligned with the
IS means. The attenuation bias also arises, given by the positive definite matrix C, which can be shown
to have eigenvalues all smaller than unity.

6.3 Pricing Ability of SDF When T'=r;, + 1 - Correct Specification

As the investor now estimate the multi-factor asset pricing model holds, I re-define the projected-

version SDF M, ;1 = ; Jlf OWy (X441 —Ayye), i-e., by re-centering its mean to 1/rp, ,unlike Section
as I can now afford to de-mean the data when estimating the SDF. Correspondingly, the implied
estimator for M;;; would be M, ;= -1 — %5@'(){8 — X’f" —AF), witht =T +1 < s <t for the

Ts

IS periods and s =t + 1 for the OOS period, and w from ( , estimated using the T' IS periods.

I can construct the SDF-induced prlclng errors by averaglng across the (7' + 1) periods the vector
of excess returns with , &¢pqp = (774 1) foi 741 M, 1,sX,, leading to the average pricing errors
Vy6iap/N. Tt is useful to distinguish between the IS and the OOS part of the average pricing errors.
For the IS portion of .. I obtain, setting 7, = 7, constant across the I" periods to simplify the
analysis,

1 1 1 = [1/s2, 0 -
Fa—— Z Ms lsx = Z _(foa ) |: f = 1:| (B B) 1B/és~;a (77)
T - 1 s=t—T+1 T + 1 s= t—T+~1 rf Ortfl SF
because Yo, 5 & = Oy and >.0_, ;. &[f%, F] = Onx,,. Finally, given & = B[f?,F.] + e, —

33This case can be viewed as a multi-factor generalization of the setting analyzed in Section m
34Detailed derivations are available upon request.
35Some care is needed as we impose orthogonality of the risk factors before de-meaning.
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B[f°,F') then B'&,/N = O,(N _1/2) and & 1y/N = O,(N~?), implying

Z M, X 15/N = O,(N7Y). (78)
s=t—T+1
Therefore no bias adjustment is requ1red for the IS part of the SDF average pricing errors, which in fact

does not contribute to the limiting distribution of the SDF pricing test.
Next the OOS part of the average pricing errors is given by

1 -
T—_HMt,t+1X::+1 = (79)
1 1 o= 12 0T == =, [0 - [f° .
e (e [y g s [ e -8 L) me
(80)
(81)
implying
1 1
T+1Mtt+1xt+11N/N_> T 1Mtt+1(:u)\tft+1+y’AtFt+l) (82)

setting M, 1— C, Ji — fo h
g M1 = T c; Fio F , Where

/ 2 fo'fo SV -1 JZO
C, = O D, o+ o /(1) Al and ¢, = o |- (83)
EAtAt EAt EAtAt EA ITt 1 S;-v

t

In summary, I can estimate the SDF ]\7[8,1,8 using 7" periods, but use 7"+ 1 periods (adding the OOS
observation) to estimate the test statistics and to conduct inference.

Theorem 9 (Pricing Test Cross SDF- OOS - Correct Specification: T'=r, + 1)
Define

1 N

. - M, - o . 3 .
thiIT;f = N Z5i t+1]t TT_JT( A3 f + PAF 1), with i = A "Ly/N and fin = A'1y/N. (84)

(i) Under Assumptwns [1] and [3{8,

VNSET, =4 N (0,03, [0ty M- Mrto))(1 = iy, Tl pia ) + AL UcAnl) . (85)

setting .
= (oo i) - 7)) &
A= ﬁ(FUt‘luAt ® —M ;o Mpio). (87)

where to1 = (0,1)', Mg = Iy — F(F'F)'F', U, being the (T +1)*> x (T +1)? matriz with T = r,+1
defined in Section U, is the diagonal matriz of the ry — 1 eigenvalues of XpXia,, with eigenvector
matriz X, and Cy, c; are defined in (83)).
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@'z’) Under the same assumptions, with kg = 0, setting Mg = Ipy; — F (F F)~ IF & =X*—FA/, and
U being the ry — 1 largest eigenvalues of (X*X* /(T + 1)N) — (6%/(T + 1))Ir41),

= (- (O] [ ]) e 9

1 e
(T T 1) (FUill,l,A & —MFMfoL()l) —>p AL17

5> =tr(ee)/N =, 02, U, —, U,
Yo =ANA/N— (52T, —, B 'S4, H Y, iy —, H; 'pa,,
Saa = AAN/N =, Sy 4,65 = NA/N = 62/(£71°) =, 0,

where U, is obtained replacing o? and k4 with 6% and zero, respectively, in U,
. = - - ol ro -1
C < LESR YN ) ( ot (ZQ/(f ) EI)‘A ) and ¢ = | _°r ;
Yo XA A YA+ 5 In 1 Sy

H, = ETU

L1 =

~—~ o~
o O O 0.¢]
N = O N

)
)
)
)

q;”“)| ¢

and

(iii) When does not hold, and |S;1y:| > CN~Y?+¢ a.s. for some C,c > 0,
\/NStJr”t —p +o00.

For the case in which no risk factors are observed, so that the bias adjustment only depends on
r; latent risk factors, the expressions above simplify by omitting all references to f?—in particular
M .—and by replacing r, — 1 with r, everywhere. This yields

Jcorr __ 1 al S Mt,t+1 ~/ F
tHE = Z il = oy Hate (93)
=1
with Mt,tﬂ r—ft — E ow’ (xt+1 — AF) using w = %]X(A’A) S;lF. I then obtain
VN Sipp = N<0, aty (07 (L1 Mrtor) (1 — i, Za  bia, ) + A'Ler,tAm}), (94)
where
ai=—r (1-¥,% (= +0—t21 ) 'SHF (95)
Lt (T T 1) T tH1 A\ A T Tt F )
1 _
ALl = m(F Ut 1/,LAt X —MFL01). (96)

Here to; = (05,1), Mg = Ir,; — F(F'F)"'F, U, being the (T +1)? x (T + 1) matrix with T = r; + 1
defined in Section , and Uy, is the diagonal matrix of the r; eigenvalues of Iy A,, With eigenvector
matrix Y.

Moreover, defining Mz = Iryq — F(F’F)_lf‘/, = X — FA/, and letting U be the r, largest

36



eigenvalues of <(T +>1(), ~ 757—j1 IT+1>. Then

] s 0%\ _ M,

ary = (T+—1)rft (1 F2+1ZA(EA + T ITt) 1) - % —p Lt (97)
< | I

ALl = T——H(F Uilll/A & _Mﬁ‘l@l) _>p AL17 (98)

where all other definitions remain unchanged.
As a final important special case, consider the situation in which all r; risk factors are observed. In
this case,

1Y M
Jo-corr __ t,t+1 [ ~orpo
it = 37 Z ittt — T _:1 (B3F?,0), (99)
1 o : ~ _—_ 1Axo o o) la—1To
with Mt 1 = 5w (Xt+1 — A°F ) using w = s A (A A ) Sz.F°, obtaining
VN S5 v N (0, a3, [0 (1, Mpotor)] ). (100)
where
— L 1—F2 S, (2 2(FoF0)) ' STLRC 101
aLt—(:FJF—W( t+1 At( Ao ( )) Fo ) (101)
Here 1o, = (04,1), Mpo = Iy — FO(FYF°)~'F” and é = X — F°A”, obtaining
i = ———— (1= F. S (Sao + 52(FF° ‘1>% 102
ar (T—I— 1) T ( t+1<-A ( Ao+ O ( )) p ALt, ( )

where all other definitions continue to apply.

7 Empirics
I consider several empirical examples to demonstrate the ability of my methodology.

7.1 Dissecting the factors zoo when 7' =1

Empirical asset pricing seeks to explain the cross-section of expected returns using observable character-
istics or risk factors. Since the 1990s, researchers have proposed hundreds of such factors—size, value,
momentum, profitability, investment, quality, liquidity, betting-against-beta, and many more. This pro-
liferation of proposed predictors is called the “factor zoo” (Cochrane, 2011), and a core challenge today
is to distinguish truly robust factors from those that arise from data mining or weak identification 9] As
datasets and computational tools improved, researchers documented an ever-growing list of “significant”
predictors. Harvey, Liu, and Zhu (2016) and related work catalog hundreds of factors and highlight the
severe multiple-testing and p-hacking problems implied by this proliferation: many reported anomalies
may not survive more stringent statistical thresholds or genuine out-of-sample tests. This recognition
triggered a shift in emphasis from discovering new factors to disciplining and organizing the exist-
ing zoo and, at the same time, the development of novel methodologies to trying to resolve it. The
machine-learning-based approach of Gu, Kelly, and Xiu (2020) treats firm characteristics as inputs in

36The early benchmark was the CAPM, with a single market factor, but it failed to explain systematic patterns such
as the size and value effects. This led to multi-factor models, most prominently the Fama—French three-factor model
(market, size, value), later extended by Carhart (adding momentum) and then by the Fama-French five/six-factor models
(adding profitability, investment, and sometimes momentum). Parallel literatures introduced factors based on liquidity,
volatility, idiosyncratic risk, leverage, and many firm-level characteristics, contributing to the rapid expansion of the zoo.
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flexible prediction models, using regularization and rigorous out-of-sample evaluation to identify which
characteristics truly matter once overfitting is controlled. Bryzgalova, Huang, and Julliard (Journal
of Finance, 2023, “Bayesian Solutions for the Factor Zoo”) develop a Bayesian framework to jointly
evaluate a large set of candidate factors, addressing both weak identification and model uncertainty.

Overall, the field has evolved from factor proliferation to factor discipline with the aim of novel
methodologies. For instance, the emerging consensus emphasizes (i) demanding out-of-sample and
out-of-period robustness; (ii) adjusting rigorously for multiple testing and model misspecification (iii)
grounding factors in coherent economic mechanisms, whether risk-based or behavioral, (iv) recognizing
that many proposed factors are redundant once a core set of well-established dimensions is included,
recently spanned by latent risk factors estimated by PCA. My methodology advances the factor zoo
agenda across all these four dimensions.

In particular, my methodology allows to rank the ability of each factor of the zoo in terms of OOS
pricing performance and portfolio performance for each period of time. 1 can then summarize each
risk factors’ performance according to its frequency of ‘success’ as well as characterize the empirical
distribution of the perfomance metrics.

I use data from an unbalanced panel of monthly individual assets traded in the NYSE from January
1980 to December 2019, with N = 19,259 (sourced CRSP) as test assets, and the factor zoo dataset of
Gu, Kelly, and Xiu (2020) for the set of candidate risk factors, omitting the risk factor coded as divi,
divo, and mve_ia, because are not complete for the whole period. I am also omitting the risk free rate. I

am adding the latent single-factor model estimated by nano-PCA as an additional risk factor, denoted
by PCAL.

7.1.1 Dissecting the factors zoo when 7T = 1: Risk Premia Pricing Test

I apply the risk premium pricing test Et+1|t of Section to assess the OOS ability of any given
candidate risk factor to price the cross-section of expected return. Figure report the time series of
the t-ratios, given by dividing Zt+1|t by its standard error, corresponding to the latent risk factor (red
line - (see Theorem [2) and the market return (black line - see Section [£.1.1)), together with the 95%
confidence bands (green lines). Each t-ratio uses to consecutive observations, say ¢ for estimating the
pricing error l}i,tﬂ‘t from , and then both ¢ and t + 1 for constructing the test statistic. In this latter
case, | use local PCA for the latent risk factor case and OLS when considering the observed market risk
factor.

Visually, one can see that although similar, the market risk factor is rejected more often than the
latent factor estimated by the first PC. In the appendix, I report the time serie plots of the risk premium
pricing test for other 14 observed risk factors, that corresponds to the most relevant risk factors identified
by Gu, Kelly, and Xiu (2020)[Second Lasso - Table 1].

I then rank the 148 zoo factors, in Figure |[OA.2| according to the percentage of times that the t-test
is significant at 5%, the smaller the value the more relevant being the corresponding risk factor.

It emerges that core asset-pricing factors (market, size, value, profitability, investment, momen-
tum, BAB/QMJ, HML Devil) are systematically among the best (low second-column scores). Prof-
itability and investment characteristics (HXZ/Fama-French-style) and related variables (NOA/DNOA,
GMA, ORGCAP, CINVEST) perform very well, confirming the importance of the g-factor style di-
mensions. Momentum and liquidity/trading variables (UMD, MOM6M/MOMS12M, IND MOM, ILL,
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Figure OA.1: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the risk
premium pricing test Lt+1|t (red line) and Lt il (black line) corresponding to PCA1 and market risk
factor, respectively - see Section 4.1, The horizontal green lines correspond to —1.96 and +1.96. The
grey bars correspond to economic and financial crises, and the NBER recession indicator.

LIQ-PS, BASPREAD, ZERO TRADE) are clearly useful but slightly below the very top. Working
capital / balance-sheet composition factors (PCHSALEINV, DNCL, DNCO, SALECASH, SALEINV,
SALEREC, QUICK, CURRAT) are surprisingly strong, often among the top-ranked factors. Accruals
and distress/constraints factors (ACC, ABSACC, KZ, WW) appear moderate, not leading the ranking.

In contrast, the worst performing risk factors appear related to volatility measures (RETVOL, ID-
IOVOL), profitability /portfolio efficiency proxies (OP, PM), trading/turnover (TURN, ZEROTRADE),
constraints/distress (KZ, WW), some “quality” style factors (HIRE, RS, RSUP), and a subset of valu-
ation/accrual variables.

I also perform a direct comparison between the ranking implied by the first metric (percentage of
significant pricing test at 5%) and that implied by a second metric (average of absolute value of t-ratios).
Not surprisingly, both metrics agree that a relatively small set of factors are “well behaved,” but they
differ in how they treat many core priced factors and several anomalies and volatility /trading variables.

Combining this with the previous “best factors” analysis, one getd a coherent picture, of consistently
strong and consistently weak risk factors.

I now investigate the possibly different ability of the zoo factors to price the cross-section of expected
returns in periods of economic and financial crises from normal periods. Figures [OA.3}JOA 4] report the
percentage of times that the t-test is significant at 5% corresponding to the expansion periods only and
recession periods only, respectively.

The results are more accurately described in Tables The tables report, for each risk fac-
tor, the regression coefficient of its test statistic on a financial-crisis dummy, the corresponding t-ratio,
the average test statistic in crisis periods and overall, and the fraction of times the test exceeds stan-
dard significance thresholds. Taken together, these results paint a very consistent picture: financial
crises are periods in which almost the entire factor zoo “lights up” much more strongly than in nor-
mal times. First, the coefficients on the crisis dummy are almost uniformly positive, and for most
factors the associated t-ratios are clearly above conventional thresholds (frequently between 3 and 5).
This implies that, on average, the test statistics are systematically higher in crisis periods. Impor-
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sorted across the 148 zoo risk factors of [Feng, Giglio, and Xiu/ (2020)), is significant at 5% level from Dec
1981 to Feb 2019.

Figure OA.2: The plot reports the percentage of time the t-ratio for the risk premium pricing L
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sorted across the 148 zoo risk factors of Feng, Giglio, and Xiul (2020)), is significant at 5% level for the
recession pertods from Dec 1981 to Feb 2019.

Figure OA.3: The plot reports the percentage of time the t-ratio for the risk premium pricing L
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sorted across the 148 zoo risk factors of [Feng, Giglio, and Xiul (2020), is significant at 5% level for the
no-recession periods from Dec 1981 to Feb 2019.

Figure OA.4: The plot reports the percentage of time the t-ratio for the risk premium pricing L
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tantly, this is not a marginal effect: the estimated shift is large and statistically precise, suggesting
that crises are structurally different states of the world from the perspective of factor tests, not just
rare noisy episodes. Second, comparing the crisis-period mean of the test statistics to the overall mean
confirms this pattern. For many factors, the average test statistic in crisis periods is substantially
larger than the full-sample average, often by several units. For example, the market excess return
(MktRf) has a crisis mean around 6, while the overall mean is slightly negative; similar gaps appear
for size (SMB), value (HML), investment (CMA), profitability (RMW), and for many “zoo” factors
such as investment-adjusted cash-flow and intermediary-capital measures. In other words, most of the
“action” in these tests is concentrated in crises. Third, the frequency measures show that the test
statistics are very often “significant” in the classical sense. For the vast majority of factors, the test
statistic exceeds 1.96 in over 90% of the periods, and even the more stringent thresholds (twice or five
times 1.96) are crossed with surprisingly high frequency. This indicates that, conditional on your test
design, these factors rarely look “inactive”; they are persistently strong, especially in crisis episodes.
Fourth, the group-wise patterns (using the earlier classification of the factor zoo) are economically
meaningful. Core priced factors from the modern asset-pricing canon-market, size, value, profitabil-
ity, investment, momentum, and popular extensions such as BAB, QMJ, HML _Devil, and HXZ-style
factors-show some of the largest and most significant crisis shifts, with crisis means far above their
overall averages and high significance frequencies. Profitability, investment, and working-capital char-
acteristics also become markedly more informative in crises, consistent with the idea that balance-sheet
strength, investment policy, and operating efficiency matter most when financial conditions are tight.
Valuation measures (e.g. earnings-price, cash-flow-price, investment-adjusted ratios) similarly display
much stronger tests in crises than in normal times. Finally, liquidity, volatility, and distress-related vari-
ables follow the same qualitative pattern: volatility and illiquidity measures, turnover and zero-trade
proxies, and financing-constraint indices (KZ, WW) all have positive and significant crisis coefficients
and high frequencies of large test statistics. Some accruals, distress, and anomaly-style signals (such as
sin stocks, max-return, short-interest proxies) also intensify in crises, though often less uniformly than
core risk factors and investment/valuation signals. Overall, the evidence points to financial crises as
periods in which risk premia, mispricing, and cross-sectional spreads in returns are generally amplified,
making almost all well-known factors more visible and statistically powerful relative to the rest of the
sample.

It appears interesting to relate the performance of the zoo risk factors from my analysis, based on
Table 1 of Feng, Giglio, and Xiu/ (2020)). Comparing the recession and expansion ( rankings for the post-
2012 factors reveals pronounced state dependence. Several of the new factors are clearly recession-heavy:
RMW, the Intermediary Risk Factor, the convertible-debt factor (convind), Organizational Capital, and
Employee growth (hire) all have relatively high positions (low ranks) in recessions but drop sharply in
expansions, often by 60-100 places. This pattern is consistent with interpretations that emphasise
downside risk and financial constraints: profitability (RMW), intermediaries’ balance-sheet strength,
capital structure (convertible debt), and certain intangible-capital or labour-adjustment proxies appear
to matter disproportionately when conditions are stressed. By contrast, other factors are much more
important in expansions. In particular, BAB moves from a decent but not exceptional rank in recessions
to the very top of the list in expansions, and HML Devil similarly jumps from a low recession rank into
the expansion top ten. In other specifications (e.g., PCA-based models), CMA also emerges as a top
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expansion factor, reinforcing the view that some investment-style signals are rewarded more strongly in
good times.

At the same time, there is a group of factors where the SDF evidence and the ranking-based im-
portance do not fully align. QMJ, HXZ TA, and HXZ ROE exhibit strong and statistically significant
prices of risk and average premia in the 2012-2016 SDF tests, yet in the recession/expansion rankings
they occupy only middling positions, especially in expansions. This suggests that, once these factors
are allowed to compete with a large set of characteristics, some of their priced variation is absorbed by
other, more primitive signals, and they no longer dominate the cross-section. Organizational Capital
and RMW sit somewhat in between: the ranks confirm that they are economically meaningful, partic-
ularly in recessions, but they are not uniformly top-tier across states. Overall, the comparison shows
that the new factors are not simply “good” or “bad” in a time-averaged sense; rather, their relevance is
conditional on the macroeconomic regime, with some factors acting primarily as recession hedges and
others becoming central drivers of returns during expansions.

Risk Premia Pricing Test: Misspecification-Robust

The above results used the risk premia pricing test under the assumption that the cross-section is spanned
by one single risk factor. I now examine the case when instead a multi-factor structure holds. This means
that one now needs to bias-adjust the pricing test for both the T' = 1-related estimation bias, in addition to
the misspecification bias because the pricing errors are still being computed under the single-factor model. In
particular, I consider three scenarios, namely when there are latent three, five, and 10 risk factors, in addition
to the single risk factor (either latent or observed - one of the zoo factors), although I will only display the case
of five latent risk factorsP’| See Section [5.1]- Theorem [5] - for details of the theory.

Therefore, I repeat the above analysis but with the salient difference of using a certain number of PCs to
account for the misspecification bias. Figures [OA.5] [OA.6, and [DA.7] report the time series of the market risk
premium test statistics when using three, five, and 10 PCs, respectively, to account for misspecification. As
expected, the pricing test appear not significant more often than when I did not allow for the latent factors.
The same patters arises with respect to the other risk factors.

I then re-examine the rank of the 148 zoo factors, for the three cases of three, five, and 10 PCs, according to
the percentage of times that the t-test is significant at 5%, with the smaller the value the more relevant being
the corresponding risk factor, and compare with the previous case of no adjustment for misspecification was
made. Figures |OA.8HOA.9HOA.10| report the ranked percentages (significant at 5%), with the detailed results
in Tables where I also report the performances within the recession periods.

Most importantly, I evaluate how each single risk factor changes its performance once misspecification is
taken into account.

A broad look at the rankings across specifications reveals a clear general pattern. Notice that in terms
of rank, the performance is unchanged for PCA5 and PCA10. For a sizable group of characteristics, the
move from the baseline model without principal components, discussed in the previous section, to models with
PCA3, and PCA5/10, leaves their qualitative status largely unchanged: factors that are in the top tier tend to
remain near the top, those in the middle stay roughly in the middle, and those in the bottom remain relatively
unimportant. In other words, for many variables, the ordering is reasonably robust to the introduction of PCA-
based controls for common variation. However, this stability is not universal. A non-trivial subset of factors
exhibits substantial sensitivity to the inclusion and dimension of PCA: their ranks shift by on the order of 50 to
130 positions as one moves from the case without misspecification adjustment to the cases with the adjustment.

3"Details are available upon request.
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Figure OA.5: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the
risk premium pricing test L; ), (red line) and Lgfﬁt (black line) corresponding to market risk factor
and market risk factor+PCA3, respectively - see Section [5] The horizontal green lines correspond to
—1.96 and 4+1.96. The grey bars correspond to economic and financial crises, and the NBER recession

indicator.
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Figure OA.6: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the
risk premium pricing test Lt+1‘t (red line) and Lg‘jjs"t (black line) corresponding to market risk factor
and market risk factor+PCAB, respectively - see Section [5] The horizontal green lines correspond to
—1.96 and 4+1.96. The grey bars correspond to economic and financial crises, and the NBER recession

indicator.
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Figure OA.7: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the
risk premium pricing test Ly, (red line) and Llﬁfﬁt (black line) corresponding to market risk factor
and market risk factor+PCA10, respectively - see Section [5] The horizontal green lines correspond to
—1.96 and 4+1.96. The grey bars correspond to economic and financial crises, and the NBER recession
indicator.
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Figure OA.8: The plot reports the percentage of time the t-ratio for the risk premium pricing L‘;‘fﬁt,
sorted across the 148 zoo risk factors of |[Feng, Giglio, and Xiu (2020)), is significant at 5% level from Dec

1981 to Feb 2019. The pricing test is bias-adjusted using the corresponding observed risk factor plus
PCA3 - see Section .
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Figure OA.9: The plot reports the percentage of time the t-ratio for the risk premium pricing E;“fﬁt,
sorted across the 148 zoo risk factors of |[Feng, Giglio, and Xiu (2020)), is significant at 5% level from Dec
1981 to Feb 2019. The pricing test is bias-adjusted using the corresponding observed risk factor plus

PCAbB- see Section .
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Figure OA.10: The plot reports the percentage of time the t-ratio for the risk premium pricing E’t“fﬁt,
sorted across the 148 zoo risk factors of |[Feng, Giglio, and Xiu (2020)), is significant at 5% level from Dec
1981 to Feb 2019. The pricing test is bias-adjusted using the corresponding observed risk factor plus

PCA10 - see Section
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These large rank swings strongly suggest that part of what the baseline specification is attributing to specific
observed factors is in fact common variation that can be captured by a small number of latent components.
The use of PCA5/PCA10, in particular, often re-orders the very top of the factor list relative to the other cases
(no adjustment and PCA3), indicating that some factors which appear central in the baseline are acting as
imperfect proxies for broader systematic forces that PCA later absorbs more efficiently.

The behaviour of individual factors makes this misspecification pattern particularly vivid. One striking
group consists of extreme downgrades once PCA is introduced. These are factors that look very important in
the no-adjustment, but lose their apparent status when PCA factors absorb the underlying common components.
For instance, BAB is the top factor in the baseline, but plummets to rank 132 under PCA3 and remains low at
rank 128 under PCA5/10. This is a huge collapse, from rank 1 to roughly rank 130, and it strongly indicates
that BAB’s “importance” in the baseline model is largely overlapping with the latent components captured by
PCA; once those components are explicitly included, BAB no longer provides much incremental information. A
similar pattern is visible for herf: it is high under no-adjustment (rank 6), becomes the single top factor under
PCA3 (rank 1), and then collapses to rank 134 under PCA5/10. In a low-dimensional PCA (three components),
herf seems to be used as a key factor alongside the PCs; but once more principal components are added, that
role is absorbed by additional PCs, and herf’s standalone importance largely disappears. The investment-
related factor pchcapx also illustrates strong sensitivity: it starts as a top-10 factor under no-adjustment (rank
7), drops dramatically to rank 139 in PCA3, and only partially recovers to rank 87 in PCA5/10. This suggests
that its explanatory power is tightly tied to how common investment-related variation is treated. The illiquidity
proxy i1l moves from an important position under no-adjustment (rank 17) to rank 105 in PCA3 and further
down to rank 145 in PCA5/10, making it essentially one of the least important factors once PCA is included.
The Intermediary factor behaves similarly: it is mid-pack in the baseline (rank 90), but falls to rank 146 under
PCA3 and to rank 148 under PCA5/10, becoming almost irrelevant in the PCA-augmented models. Finally,
rsup exhibits a particularly wild pattern: it moves from rank 119 in M1 to a high rank 18 in M2, before
collapsing to rank 146 in M3. This non-monotonic path underscores how strongly some variables’ rankings
depend on the exact PCA specification.

The flip side consists of large upgrades with PCA: factors that look weak or negligible in the baseline model,
but become very important once common components are removed. The nef variable is the clearest example.
It starts at rank 128 under no-adjustment, rises sharply to rank 22 in PCA3, and ultimately becomes the top
factor under PCA5/10 (rank 1). When the generic common variation is stripped out by PCA, nef appears
to carry unique, priced information that is not well captured by other characteristics. Similarly, nop begins
at rank 142 under no-adjustment, moves to rank 64 in PCA3, and ends up as the number-two factor under
PCA5/10 (rank 2). The factor saleinv (sales-to-investment) offers another instructive case: it is moderately
important in the baseline (rank 21), seems to deteriorate under PCA3 (rank 113), and then becomes a top-3
factor in PCA5/10 (rank 3). The tangibility measure tang shows the same type of U-shaped pattern: it ranks
27 under no-adjustment, falls to 109 in PCA3, and then jumps to rank 5 under PCA5/10, with a similar
pattern for the asset turnover ratio ato (ATO). Even the traditional market beta is affected: from rank 132
under no-adjustment and rank 111 in PCA3, beta rises to rank 16 in PCA5/10, suggesting that, once the main
common components are removed, beta regains a non-trivial role in explaining the cross-section of returns.
Operating profitability op offers another striking case: it is almost at the bottom under no-adjustment (rank
147) and still low in PCA3 (rank 136), but it jumps into the top 20 in PCA5/10 (rank 17). Likewise, the hiring
or employee-growth proxy hire is nearly irrelevant in the baseline (rank 145), yet PCA3 already promotes it
substantially (rank 37), and PCA5/10 lifts it even further to rank 18. In all of these cases, the introduction of
PCA factors seems to strip away confounding common variation, allowing these “second-tier” factors to emerge
as carrying more idiosyncratic priced risk than the baseline specification suggests.
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Beyond extreme changes, there is a broad group of factors that experience moderate but still meaningful
shifts in rank, typically in the range of 20-50 positions. These moves, while less dramatic than a leap of
more than 100 ranks, still signal that PCA is relieving some misspecification and collinearity. Organizational
Capital (orgcap) follows a steady upward trajectory: it moves from rank 34 under no-adjustment to rank 24
in PCA3 and then to rank 15 in PCA5/10, indicating a gradual recognition of its unique explanatory power
once common components are controlled for more flexibly. By contrast, the standard HML factor exhibits a
degrade-then-stabilize pattern: its rank worsens from 16 under no-adjustment to 45 in PCA3 and then remains
roughly similar at 42 in PCA5/10, suggesting that part of HML’s baseline prominence is taken over by the
PCA factors, although it still retains some relevance. QMJ is clearly upgraded by PCA5/10: it moves from
rank 88 under no-adjustment to 85 in PCA3 and then sharply improves to rank 41 in PCA5/10, consistent
with the idea that quality-related effects are more distinct once overlapping exposures are netted out. Finally,
HXZ_IA shows a substantial improvement: from a very low rank 131 under no-adjustment, it jumps to 65 in
PCA3 and then to 56 in PCA5/10, indicating that investment-related effects may be more important than the
baseline ranking suggests once collinearity with other characteristics and common components is mitigated.
Taken together, these moderate shifts reinforce the intuition that PCA tends to clean up overlapping exposures
and multicollinearity, allowing some factors to “shine” that were previously masked in the baseline model.

These patterns have direct implications for how we think about misspecification and the role of PCA in
factor selection. First, PCA can effectively “steal” importance from some famous factors: variables such as
BAB, the illiquidity proxy ill, and classic cross-sectional indicators like herf and pchcapx lose rank sharply
once PCA factors are included. In the baseline M1 model, these characteristics appear to be central, but the
PCA results suggest that they are, to a significant extent, capturing broad common variation that can be more
parsimoniously represented by a few principal components. When those components are explicitly added, the
incremental contribution of these well-known factors declines markedly. Second, PCA reveals hidden importance
in other variables that were overshadowed by stronger, collinear signals under no-adjustment. Factors such as
nef, nop, saleinv, tang, ato, beta, op, and hire move from weak or negligible positions in the baseline into
the top ranks under PCA5/10. These variables likely represent more granular or idiosyncratic sources of priced
risk that only become visible once the dominant common components are accounted for separately. Third, the
dimension of PCA itself matters. PCA3 sometimes yields quite different rankings from PCA5/10.

In summary, comparing the baseline model under no-adjustment (no PCA) with PCA3 and PCA5/10 shows
that many factors change ranking substantially when PCA is employed. Some headline factors, such as BAB
and illiquidity, look crucial in the baseline but become much less important once PCA handles the underlying
common components. At the same time, several “second-tier” factors—including nef, nop, saleinv, tang,
ato, beta, op, and hire— move into the top ranks under PCA, suggesting that they carry unique, priced
information that was previously obscured by collinearity and misspecification. The differences between PCA3
and PCA5/10 further demonstrate that the number of principal components is itself a crucial modelling choice:
too few PCs can distort which observed characteristics appear most important, and only when a richer set
of common components is included do the rankings begin to stabilise in a way that more plausibly reflects
underlying economic structure.

7.1.2 Dissecting the factors zoo when 7'= 1: MV Portfolio

I now evaluate the ability of the zoo risk factors in terms of Sharpe ratio performance, using the methodology
outlined in Section and in particular the case of observed risk factor in Section Figure displays
the time series of the Sharpe ratio SRy 4142 corresponding to the market risk factor (red line), where I use

two periods for estimation and one period for OOS analysis, together with the Sharpe ratio SR;;iobtained
using the first PC (black line). In the appendix, I report the corresponding histograms for the other 14 risk
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factors examined in the previous section (see Figures OA.61)).

I also display the same data in terms of histograms (see Figure . Moreover, I compare the market
factor Sharpe ratio with the one obtained debiasing the OOS effect (see Figure . Not surprisingly, the
market and PCA1 appear to have a similar performance. Interestingly, debiasing appears to have a positive
effect on performance ]
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Figure OA.11: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the Sharpe
ratio S/YJ\%HW (red line) and S?Rt,tﬂﬂg (black line) corresponding to PCA1 and the market risk factor
respectively - see Section [4.2] The grey bars correspond to economic and financial crises, and the NBER
recession indicator.

Fortfolic Porformance:
Srharpe Ra — P CAdL = Marikcet CT=1>

Fagy
f

e I

Sharpe rato

Figure C OA.12: The plot reports the histograms (from Dec 1981 to Feb 2019) of the t-ratio for the Sharpe
ratio Sk Ry (blue bars) and ST Ry 41442 (green bars) corresponding to PCA1 and the market risk factor
respectively - see Section [4.2]

In Tables I report the analysis of the behaviour of the SRs across risk factors during downturns,
and across all periods, classified by groups of risk factors. Across the four groups of factors, the regression
coeflicients on the recession dummy and the Sharpe ratios paint a consistent picture of mildly pro-cyclical
performance with some notable exceptions. Among core factors and standard characteristics, most coefficients

38For simplicity I am not adding the confidence bands for the Sharpe ratios. See Theorem
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Figure OA.13: The plot reports the histograms (from Dec 1981 to Feb 2019) of the t-ratio for the
Sharpe ratio SR;ti1442 (blue bars) corresponding to the market risk factor, the de-biased version
based on 1y, (pink bars), and the corresponding tangency portfolio (green bars), respectively - see

Section .

are small and statistically insignificant, indicating that their Sharpe ratios do not change dramatically between
recessions and the full sample. In contrast, CMA, SMB, and dy have positive and sometimes statistically
meaningful coefficients, coupled with elevated recession Sharpe ratios, suggesting that value-investment and
size-like tilts can be relatively more attractive in downturns. BAB and QM.J exhibit high average Sharpe ratios
overall, but their recession coefficients are negative and not statistically strong, indicating that their superior
long-run risk-adjusted performance does not primarily come from recession states. For the core set, the main
message is that classic pricing factors and standard characteristics maintain solid Sharpe ratios across regimes,
with only moderate and often statistically weak recession-specific shifts, and with the risk-free rate standing
out as behaving very differently across states.

The investment, profitability, balance-sheet, liquidity, and anomaly blocks add further nuance. Within
investment and balance-sheet variables, several changes-in-investment measures (e.g., pchdepr, pchsaleinv,
pchsale_pchinvt, STR, IPO, dnca) have economically sizeable and sometimes statistically significant coeffi-
cients, often with higher Sharpe ratios in recessions than in the full sample. This points to investment and
financing frictions becoming more strongly rewarded when conditions are tight. Profitability- and quality-like
variables such as chempia, orgcap, nop, HXZ_TA, op, gma, and rsup generally display high Sharpe ratios in
recessions and across the full sample, with positive and occasionally significant coefficients, suggesting that
profitability, quality, and balance-sheet strength are particularly valuable in downturns. In the liquidity and
trading-activity group, several proxies (turn, baspread, roavol, retvol, zerotrade) have positive and statistically
significant recession coefficients and elevated recession Sharpe ratios, indicating that exposures tied to illig-
uidity and volatility pay off especially well in bad times. Finally, the broad “remaining/anomalies” set shows
that many classic accounting and constraint-related anomalies (e.g., absacc, ear, rds, grltnoa_hxz, dnca, rsup,
realestate_hxz, HXZ _ROE) have non-trivial recession loadings and solid Sharpe ratios, but the t-statistics are
mixed, underscoring that while a large number of signals deliver good performance on average, only a subset
displays statistically robust, recession-specific enhancements in their Sharpe ratios.

Comparing the two rankings in Table where a smaller number always indicates better performance,
reveals both areas of agreement and sharp trade-offs between pricing ability and Sharpe performance. At the
very top of the pricing test, BAB (rank test = 1) is among the best at explaining returns, while herf, ms, HML,
and UMD also appear as strong pricing factors (ranks 5, 6, 26, 16, and 5 respectively). On the Sharpe side,
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BAB remains extremely strong (rank SR = 2), and roic, QMJ, herf, and pm (ranks 3, 4, 5, and 8) also rise to
the top. These patterns indicate a core set of variables—RF, BAB, herf, HML, CMA, QMJ, roic, and to some
extent ms and UMD—that are jointly good at pricing the cross-section and at delivering attractive standalone
Sharpe ratios. For example, CMA is relatively weak in the pricing test (rank test = 122) but quite good on
Sharpe (rank SR = 16), while QMJ and roic, though only mid-pack in pricing (ranks 88 and 110), are among
the very best in Sharpe terms (ranks 4 and 3). These are candidates for “dual-purpose” factors in the sense
that they help with both pricing and portfolio performance, even if their strengths are not perfectly aligned.

At the same time, there is a substantial group of characteristics where pricing and Sharpe rankings diverge
sharply, highlighting important trade-offs. Some variables are excellent pricing factors but weak Sharpe per-
formers: dncl, cinvest, indmom, pchsaleinv, STR, and several investment-change measures sit in the top 20-30
for pricing but are mediocre to poor on Sharpe (rank_M1 often above 80-100). For instance, dncl has rank test
= 3 but rank SR = 114, cinvest is 10 vs 140, and indmom is 13 vs 111, suggesting that these characteristics
are valuable for spanning pricing errors in an SDF sense, but do not translate into especially high standalone
Sharpe ratios. Conversely, a handful of variables look weak in pricing but strong in Sharpe: realestate_hxz
(rank test = 130, rank SR = 7), pm (144, 8), and some microstructure or volatility proxies (e.g., dolvol at
85, 147; ill at 17, 148) exhibit much better Sharpe than pricing ranks, implying that their appeal lies more
in return performance than in improving cross-sectional fit. Finally, many classic anomalies and accounting
signals (e.g., accruals, earnings surprises, investment and profitability variants) occupy intermediate positions
in both rankings, indicating that they provide a mix of pricing and performance benefits without dominating
on either dimension. Overall, the joint ranking shows that a few core factors (RF, BAB, herf, QMJ, roic, HML,
CMA) perform well along both criteria, while many others force a choice between superior pricing ability and
superior Sharpe ratio.

MYV Portfolio: Misspecification-Robust

Interpreting Table [15{ with the convention that a smaller number corresponds to a better (higher) Sharpe
ratio, the first column (single-factor Sharpe) is dominated by BAB, followed by roic, QMJ, herf, and ms
(ranks 3-6). This indicates that, when each characteristic is evaluated in isolation, traditional benchmark
factors and a small set of quality /profitability-type variables deliver the strongest risk-adjusted performance.
Classic factors like HML, CMA, and UMD also appear relatively high in this single-factor ranking, while many
illiquidity and microstructure proxies—ill, dolvol, baspread, zerotrade, tang—sit near the bottom (ranks above
140), suggesting weaker standalone Sharpe ratios. When we move to Sharpe with PCA3, the ordering shifts:
pm now becomes the top-ranked characteristic (rank 1), and a number of anomalies or accounting variables
(e.g., chempia, LTR, kz) rise toward the top. This reflects that with only three principal components, part of
the systematic variation previously attributed to broad factors is now captured by the PCs, and some more
idiosyncratic signals are rewarded in terms of residual Sharpe performance.

The PCA5 and PCA10 rankings further reshuffle the hierarchy and highlight strong model sensitivity. Un-
der PCA5, BAB drops to the very bottom (148), while the best-performing characteristics become dolvol (rank
1), illiquidity-related and volatility measures (aeavol at 2, mom6m at 3, SMB at 4), and several investment
or balance-sheet variables (ta, pchdepr, dnca, LTR) in the top decile. Under PCA10, zerotrade emerges as
the single best factor (rank 1), followed closely by maxret (2), sp (3), stdcf (3rd-best at rank 3), and rdm
and realestate_hxz also near the top, with BAB remaining at the bottom (ranks 148 and 147). Across the
four specifications, the message is that single-factor Sharpe rankings favor RF, BAB, and certain quality/prof-
itability signals, while PCA-augmented Sharpe rankings progressively shift Sharpe “credit” toward a mixture
of volatility, liquidity, and more granular anomaly characteristics. The large rank swings for many variables
(for example, ill from 148 to 71 to 23; BAB from 2 to 148-148) underscore that a factor’s perceived importance
in terms of Sharpe ratio is highly contingent on how aggressively one controls for latent common components.
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7.2 Cross-sectional models when 7T = r

In this section I study the performance of multi-factor models, namely the case when a multi-factor model is
posited from the outset, rather than just used to correct the biases arising from a misspecified single-factor
model, as done in the previous sections. I will consider three latent factor models, PCA3, PCA5, and PCA10.
I will also consider three observed factor models, FF3, FF5, FF54+momentum.

In terms of risk premia pricing performance, Figures display the corresponding time series of
the test statistics corresponding to the PCA1 model (black line) with the multi-factor cases (red line). Clearly,
increasing the number of latent risk factors improves the pricing performance.
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Figure OA.14: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the
risk premium pricing test L;i1; (black line) and Lot (red line) corresponding to PCA1 and PCA3,
respectively - see Section [l The horizontal green lines correspond to —1.96 and +1.96. The grey bars

correspond to economic and financial crises, and the NBER recession indicator.
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Figure OA.15: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the
risk premium pricing test Lyq) (black line) and LP5, (red line) corresponding to PCA1 and PCA5,
respectively - see Section [l The horizontal green lines correspond to —1.96 and +1.96. The grey bars

correspond to economic and financial crises, and the NBER recession indicator.

Figure [OA.20| reports the histograms of the Sharpe ratios for the four latent factor models (I am including
PCA1). As expected, OOS the performance of a model with a large number of factors becomes more erratic.
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Figure OA.16: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the
risk premium pricing test L;y1; (black line) and f/fflr‘t (red line) corresponding to PCA1 and PCA10,
respectively - see Section [l The horizontal green lines correspond to —1.96 and +1.96. The grey bars
correspond to economic and financial crises, and the NBER recession indicator.
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Figure OA.17: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the
risk premium pricing test L) (black line) and Z)jﬁr‘t (red line) corresponding to PCA1 and FF3,
respectively - see Section [l The horizontal green lines correspond to —1.96 and +1.96. The grey bars
correspond to economic and financial crises, and the NBER recession indicator.
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Figure OA.18: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the
risk premium pricing test L;y1; (black line) and f/fiﬁr‘t (red line) corresponding to PCA1 and FF5,
respectively - see Section [l The horizontal green lines correspond to —1.96 and +1.96. The grey bars
correspond to economic and financial crises, and the NBER recession indicator.

]
|
\

Figure OA.19: The plot reports the time series (from Dec 1981 to Feb 2019) of the t-ratio for the risk pre-
mium pricing test Et+1|t (black line) and szl’i”t (red line) corresponding to PCA1 and FF5+Momentum,
respectively - see Section [l The horizontal green lines correspond to —1.96 and +1.96. The grey bars
correspond to economic and financial crises, and the NBER recession indicator.
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Figure OA.20: The plot reports the histograms (from Dec 1981 to Feb 2019) off;che t-ratio for the Sharpe
ratio SRy 41442 (red bars) corresponding to PCAL, and three versions of SRy corresponding to
PCA3 (blue bars), PCA5 (pink bars), and PCA10 (green bars) - see Section |§|
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Figure OA.21: The plot reports the histograms (from Dec 1981 to Feb 2019) of the t-ratio for the Sharpe
ratio SRi 1442 (red bars) corresponding to PCA1, and three versions of SRy.r41 corresponding to
FF3 (blue bars), FF5 (pink bars), and FF5+Momentum (green bars) - see Section @
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Tables [17| and [L6| report the analysis in terms of behaviour of the pricing test and SR during the recession
periods. The results demonstrate that the pricing performance deteriorates sharply during recessions, with
slightly sharper results as the number of latent risk factors increase. This patterns is stronger in terms of
Sharpe ratio performance, with the Sharpe ratios deteriorating sharply during recessions, both in terms of the
(negative) magnitude and significance of the effect of the recession dummy on the Sharpe ratios, and in terms
of the average Sharpe ratios (negative during recessions, positive otherwise), with again the strongest effect
arising for PCA10.

Turning to the performance of the observed factor models, from Tables [19] and one observes a similar
pattern. Interestingly, in terms of Sharpe ratios, the observed risk factor models offer a slightly higher per-
formance when averaged across time. On the other hand, the sensitivity of the pricing test to the recession
dummy is weaker than for the latent models case.

Overall, the PCA models generate stronger raw cross-sectional “signal” (large absolute t’s and decent Sharpe
ratios, especially as the number of PCs grows), whereas the observed FF3/FF5/FF5+MOM models trade some
of that raw signal for better risk adjustment and more efficient pricing, with FF5+MOM in particular offering
a favourable combination of relatively high Sharpe ratios and reduced full-sample mispricing.

8 Conclusion

This paper develops a new methodology for evaluating the pricing ability and portfolio implications of
conditional factor asset pricing models when only a single time-series observation, 7" = 1, is available but
the cross-sectional dimension N is large. By exploiting the rich information contained in the cross-section of
returns, I show that it is possible to conduct out-of-sample inference on risk premia, on the stochastic discount
factor, and on mean—variance efficient portfolios without imposing tight parametric restrictions on the time-
series dynamics of risk exposures or risk premia. The analysis rests on a novel asymptotic theory for Principal
Component Analysis, “nano-PCA”, which is valid when T'= 1 and N — oo, and on pricing tests that remain
informative even in this extreme short-panel setting.

The theoretical results clarify what can and cannot be learned about pricing ability when T = 1. First,
I characterize the sources of sampling and misspecification bias that arise from relying on a one-factor repre-
sentation and derive bias-adjusted statistics that deliver valid inference on pricing errors and Sharpe ratios.
Second, I show that, despite the noisiness of estimated risk exposures, one can still recover the moments of
these exposures that matter for mean—variance portfolio construction, and hence approximate the returns of
efficient portfolios with high accuracy. Third, the framework accommodates both observed factors and latent
factors extracted by nano-PCA, and it applies equally to pure factor models and to reduced-form stochastic
discount factors.

The empirical applications illustrate the practical usefulness of the methodology for addressing the factor
“zoo” problem. By constructing pricing tests and mean—variance portfolios at 7" = 1 across many hundreds
of proposed risk factors, and by contrasting crisis and non-crisis periods as well as PCA-based and non-PCA
specifications, I document that only a relatively small subset of factors displays robust pricing ability and
economically meaningful portfolio performance. Moreover, the results reveal strong state dependence: many
factors are particularly powerful during financial crises, when risk premia, mispricing, and cross-sectional disper-
sion are amplified. Finally, the comparison between specifications with and without PCA shows that common
components play a central role in reshaping factor rankings, and that failure to account for them can lead to
misleading inference about which characteristics are truly priced.

Overall, the paper demonstrates that meaningful asset pricing and portfolio analysis is feasible even in the
extreme case where T' = 1, provided that the cross-sectional dimension is large and that inference is built
on appropriate asymptotics. The proposed methodology complements existing cross-sectional asset pricing
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approaches and provides new tools for studying how the pricing ability of asset pricing models varies across
factors and across economic states when data are short in the time dimension but rich in the cross-section.

9 Appendix

The following assumptions are assumed to hold for two generic periods ¢t and ¢ + 1, that make the set
T = {t,t + 1}. For estimation with nano-PCA, I only need the assumptions below to hold for one period but
for simplicity I am positing them for both periods of the set 7T;, needed for inference.

Remark: for esti and for test

Rem: nonrandom lambda. strong factor.

Remark. When r; = 1 then scalars XXX.
Assumptions for T'=1=1r, = 1.

Assumption 4 (factors) f2 >0 a.s. for all s € T;.
Assumption 5 (risk exposures) Setting As—1 = (As—1, - , Ans—1)’,

INAs—1/N = px_ys Mg As—1/N = oy, >0 for every s € Ty,
for some py, and oy,, constant in Ty, satisfying 0 < inficz |py,|, on, < supiez |pal, or, < 00.
Assumption 6 (idiosyncratic error - temporal and cross-sectional dependence) Seto;j . = E(einejn),
with Yo = [Jijytt]%-:l, and K, iy 1.4, = cumulant(e; i, €iytys - - -, €ipt, ). For for every 1 < i,j < N, every
s,v € Tg, and some positive constant C, where g1(-) denotes the mazimum eigenvalue operator and Ly is the

indicator function,

E(eis) = 0,E(eseisejn) = 0, |0ij 50| < O, |Kisjjiews| < C
N

N
1 1
N Z(eiseiv - O'ii,sv) —p 0 and N Z(e?s — K jiii,sss5 — 30 22235) — 0 with
=1 i=1
1Y 1
NZ(U’L"L',S’U _]I(S:U)O—tz) NZZ|01] sv‘ — 0 and Supgl( ) :0(N§)’
=1 =1 j=1 s€T¢
JF#i
N N
1 1.1 .
N ;(Uzzi,ss —oy) = O(ﬁ)’ N ;(Ii47iiii,ttsy — Lpmpes)hat) = O(ﬁ)’

and N~1 sup;, Zg}__qih:l \Khiv.ip ity — 0, for every 3 < h <8, every t; € T, (1 < j < h) and for at least
one i; (2 < j < h) different from iy, for some 02,044, Ky, constant in Ty, satisfying

0< 1nf Ut < supat < 00,0 < 1nf oy <supoy < 00,0 < mf |kat| < Sup|/£4t\ < 00.
teZ €z teZ

Assumption 7 (mixed moments) For every s € Ty, setting e; = (e, €ir1+1)’,

7Z>\ZS 1€ *>p 02><1 and 72)‘13 15 €. e )) *)O'AtO'?IQ.
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Assumption 8 (joint convergence in distribution) For every s € Ty, setting ts the 2 x 1 vector with 1 in
position s — (t — 1) and zero everywhere else,

zezs — E(ejeis)) ( [(541& + oug)tstly + oula Oaxo ] )
—q N {0y, .
VN Z |: :| a ! J)\tngQIQ

zs 1€ 02><2

Assumptions for 7' > r; > 1.
The previous assumptions need to be generalized, except for Assumption @ Now Ty ={t—-T+1,--- ,t+1}
and F = (fi_p49, -+ ,fi41) with fs = (fis, -+, fr, s) for every s € T;.

Assumption 9 (number of factors) The number of risk factors is locally constant: rs = ry for every s € Ty.
Assumption 10 (factors) Xp = F'F/T >0 a.s. for any T such that ry < T < oo.

Assumption 11 (risk exposures) 1A, 1/N — py, ,, AL_ A 1/N — Xy, , >0 for every s € Ts.
Assumption 12 (eigenvalues) The eigenvalues of the i x 1y matriz (S, ,3¥) are distinct a.s.

Assumption 13 (mixed moments) For every s € Ty, setting e; = (ei—142, 5, €it+1),

N
NZA“ 1e —p Orth and NZ is— 1)‘15 1®€( Ze )) — (EAFI ®O§IT).
=1 i=1

Assumption 14 (joint convergence in distribution) For every s € Ty, setting ts the T x 1 vector with 1
in position s — (t — T 4+ 1) and zero everywhere else,

eieis —E(eeis)) ( (Kat + oat)tstly + onIp O7x1r, } )
—4 N(O , .
/ Z |: Ais—1 ® e;) :| d T(re+1) |: Oy, xT (XA, ® O‘EIT)

10 The matrix U,

The expression for U, can be derived in closed form. In particular, the 7% x T? matrix U, has the following
structure:

Ui oo Uy -0 Usr
U, = Utl% Utt% Uyt
LUpyi -4 Upgi -1 Upr

Each block of U, is a T' x T matrix. The blocks along the main diagonal, denoted Uy for t = 1,2,...,T, are
themselves diagonal matrices with (k4 + 204) in the (¢,%)-th position and o4 in the (s,s) position for every
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s # t. The blocks outside the main diagonal, denoted Uy for s,t =1,2, ..
except for the (s,t)-th element, which equals oy.

t-th column

o4 0

0 - o4 0
0 - 0 (K;4—|—204) 0
0 -0 ... 0 o4
0

@)

0'4_

o8

., T with s #£ t, are all zero matrices

t-th column

0
0 0
0 o4 O




11 Time Series Plots of Zoo Factors
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Pricing Performance Risk Premia:
PCAL vs.QMJ (T=1)

Figure OA.22: The plot reports the time series
(from Dec 1981 to Feb 2019) of the t-ratio for
the risk premium pricing test [~/t+1‘t (red line) and
Lt+1\t (black line) corresponding to PCA1 and
QMJ risk factor, respectively - see Section
The horizontal green lines correspond to —1.96
and +1.96. The grey bars correspond to economic
and financial crises, and the NBER recession in-
dicator.

Pricing Performance Risk Premia:
PCA1 vs.CMA (T=1)
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Pricing Performance Risk Premia:
PCAl vs.BAB (T=1)

Figure OA.23: The plot reports the time series
(from Dec 1981 to Feb 2019) of the t-ratio for
the risk premium pricing test [~/t+1‘t (red line) and
[~/§+1|t (black line) corresponding to PCA1 and
BAB risk factor, respectively - see Section
The horizontal green lines correspond to —1.96
and +1.96. The grey bars correspond to economic
and financial crises, and the NBER recession in-

dicator.

Pricing Performance Risk Premia:
PCAl vs. HXZ_IA  (T=1)
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Figure OA.27: The plot reports the time series
(from Dec 1981 to Feb 2019) of the t-ratio for
the risk premium pricing test [~/t+1‘t (red line) and
Lt+1rt (black line) corresponding to PCA1 and
RMW risk factor, respectively - see Section
The horizontal green lines correspond to —1.96
and +1.96. The grey bars correspond to economic
and financial crises, and the NBER recession in-
dicator.
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Figure OA.28: The plot reports the time series
(from Dec 1981 to Feb 2019) of the t-ratio for
the risk premium pricing test I~/t+1|t (red line)
and L? e (black line) corresponding to PCA1
and HXZ_ROE risk factor, respectively - see Sec-
tion 4.1} The horizontal green lines correspond to
—1.96 and +1.96. The grey bars correspond to
economic and financial crises, and the NBER re-
cession indicator.

Pricing Performance Risk Premia:

M bl
Ll W




Pricing Performance Risk Premia:
PCA1 vs. GROSS PROF (T=1)
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Figure OA.31: The plot reports the time series
(from Dec 1981 to Feb 2019) of the t-ratio for
the risk premium pricing test [~/t+1‘t (red line) and
Lfﬂ‘t (black line) corresponding to PCA1 and
GROSS PROF risk factor, respectively - see Sec-
tion 4.1} The horizontal green lines correspond to
—1.96 and +1.96. The grey bars correspond to

economic and financial crises, and the NBER re-

cession indicator.
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Pricing Performance Risk Premia:
PCA1 vs. GROWTHADV  (T=1)
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Pricing Performance Risk Premia:
(T=1)

PCAl vs. EMPL GROWTH

1990 2000 2010 2020

Date

Figure OA.32: The plot reports the time series
(from Dec 1981 to Feb 2019) of the t-ratio for
the risk premium pricing test [~/t+1‘t (red line) and
L§+1|t (black line) corresponding to PCA1 and
EMPL GROWTH risk factor, respectively - see
Section 4.1} The horizontal green lines correspond
to —1.96 and +1.96. The grey bars correspond to
economic and financial crises, and the NBER re-

cession indicator.

Pricing Performance Risk Premia:
PCA1 vs. BOOK LIQ (T=1)
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Pricing Performance Risk Premia:
PCA1 vs. INTERMEDIARY (T=1)

Date

Figure OA.35: The plot reports the time series
(from Dec 1981 to Feb 2019) of the t-ratio for
the risk premium pricing test it+1|t (red line) and
Lo 11 (black line) corresponding to PCA1 and IN-
TERMEDIARY risk factor, respectively - see Sec-
tion (4.1} The horizontal green lines correspond to
—1.96 and +1.96. The grey bars correspond to
economic and financial crises, and the NBER re-

cession indicator.
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ricing Performance Risk Premia: Misspec
PCAS+ QMJ vs. QMJ T=1

Bl

plot reports the time series
(from Dec 1981 to Feb 2019)
of the t-ratio for the risk
premium pricing test I~/t+1|t
(red line) and i?_‘_l‘t (black
line) corresponding to QM.J
and QMJ+PCA5 risk fac-
tor, respectively - see Sec-
tion Edl  The horizontal
green lines correspond to
—1.96 and +1.96. The
grey bars correspond to eco-
nomic and financial crises,
and the NBER recession in-
dicator.

Wl

plot reports the time series
(from Dec 1981 to Feb 2019)
of the t-ratio for the risk
premium pricing test Et+1|t
(red line) and Lg,,, (black
line) corresponding to CMA
and CMA+PCA5 risk fac-
tor, respectively - see Sec-
tion £1l  The horizontal

green lines correspond to
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Pricing Performance Risk Premia: Misspec
PCAS+ BAB vs. BAB T=1

Figure OA.37: The
plot reports the time series
(from Dec 1981 to Feb 2019)
of the t-ratio for the risk
premium pricing test f/t+1|t
(red line) and [~12’+1|t (black
line) corresponding to BAB
and BAB+PCAS5 risk fac-
tor, respectively - see Sec-
tion @Il  The horizontal
green lines correspond to
—1.96 and +1.96. The
grey bars correspond to eco-
nomic and financial crises,
and the NBER recession in-
dicator.

ricing ance Risk Premia: Misspec
PCAS+ HXZ_IA vs. HZX_IA T=1

Figure 0OA.309: The
plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for the
risk premium pricing test
Et-&-l\t (red line) and f’to+1|t
(black line) corresponding
to HXZIA and HXZ.IA
+PCADS5 risk factor, respec-
tively - see Section[4.1] The

horizontal green lines corre-



icing Performance Risk Premia: Misspec
PCAS+ RMW vs. RMW T=1

e

plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for the
risk premium pricing test
Et+1|t (red line) and i;’Jrl't
(black line) corresponding
to RMW and RMW+PCA5
risk factor, respectively -
see Section L1l The hor-
izontal green lines corre-
spond to —1.96 and +1.96.
The grey bars correspond
to economic and financial
crises, and the NBER reces-
sion indicator.

Figure OA.42: The
plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for
the risk premium pricing
test f}t+1|t (red line) and
ZNL;)H't (black line) corre-
sponding to CASH HOLD
and CASH HOLD+PCA5

risk factor, respectively -
o QAantian T MThA h A
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Pricing Performance Risk Premia: Misspec
PCAS+ HXZ_ROE vs. HXZ_ROE T=1

Figure OA.41: The
plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for
the risk premium pricing
test Et+1\t (red line) and
Efﬂ‘ ., (black line) corre-
sponding to HXZ _ROE and
HXZ_ROE+PCAS5 risk fac-
tor, respectively - see Sec-
tion @Il  The horizontal
green lines correspond to
—1.96 and +1.96. The
grey bars correspond to eco-
nomic and financial crises,
and the NBER recession in-
dicator.

Figure OA.43: The
plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for
the risk premium pricing
test ﬂtﬂ‘t (red line) and
E;’H‘t (black line) corre-
sponding to HML_DEV and
HML _DEV+PCADS risk fac-

tor, respectively - see Sec-
PR 7 | MThAa bhAarieoartal



Pricing Performance Risk Premia: Misspec
PCAS+ GROSS PRF vs. GROSS PRF T=1

Figure OA.44: The
plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for
the risk premium pricing
test f/t+1|t (red line) and
f’§+1|t (black line) corre-
sponding to GROSS PROF
and GROSS PROF+PCA5
risk factor, respectively -
see Section L3l The hor-
izontal green lines corre-
spond to —1.96 and +1.96.
The grey bars correspond
to economic and financial
crises, and the NBER reces-
sion indicator.

Pricing Performance Risk Premia: Misspec
PCAS+ GROW ADV vs. GROW ADV T=1

s

plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for
the risk premium pricing
test I~/t+1|t (red line) and
f’§+1|t (black line) corre-
sponding to GROWTH AD
and GROWTH AD+PCA5

risk factor, respectively -
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Pricing Performance Risk Premia: Misspec
PCAS+ EMP_GROW vs. EMP_GROW T=1

Figure OA.45: The
plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for
the risk premium pricing
test Et+1\t (red line) and
Egﬂ‘t (black line) corre-
sponding to EMP GROW
and EMP GROW+PCA5
risk factor, respectively -
see Section Il The hor-
izontal green lines corre-
spond to —1.96 and +1.96.
The grey bars correspond
to economic and financial
crises, and the NBER reces-
sion indicator.

Pricing Performance Risk Premia: Misspec
PCAS+ BOOK LIQ vs. BOOK LIQ T=1

Figure OA.4T: The
plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for the
risk premium pricing test
it-s—l\t (red line) and I:t0+1|t
(black line) corresponding
to BOOK LIQ and BOOK
LIQ+PCAS5 risk factor, re-

anectivelv - cee SRection 1



pppppp \g Performance Risk Premia:
PCAL vs. INTERMEDIARY  (T=1)

Figure OA.48: The
plot reports the time se-
ries (from Dec 1981 to Feb
2019) of the t-ratio for
the risk premium pricing
test I~/t+1‘t (red line) and
Efﬂ‘t (black line) corre-
sponding to INTERM and
INTERM+PCA5 risk fac-
tor, respectively - see Sec-
tion Il  The horizontal
green lines correspond to
—1.96 and +1.96. The
grey bars correspond to eco-
nomic and financial crises,
and the NBER recession in-
dicator.
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Portfolio Performance:
Sharpe Ratio - PCA1 vs QMJ (T=1)

PCAL
— - QmJ

150
|

Frequency
100
I

50

Sharpe ratio

Figure OA.49: The plot reports the histograms
(from Dec 1981 to Feb 2019) of the t-ratio for the
Sharpe ratio 5/']\%““ (blue bars) and S?Rt’tﬂﬂg
(green bars) corresponding to PCA1 and the QMJ
risk factor respectively - see Section

Portfolio Performance:
Sharpe Ratio - PCA1 vs CMA (T=1)
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Portfolio Performance:
Sharpe Ratio - PCA1 vs BAB (T=1)
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Figure OA.50: The plot reports the histograms
(from Dec 1981 to Feb 2019) of the t-ratio for the
Sharpe ratio @Hut (blue bars) and S?RMHHQ
(green bars) corresponding to PCA1 and the BAB
risk factor respectively - see Section .

Portfolio Performance:
Sharpe Ratio - PCA1 vs HXZ_IA (T=1)
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Portfolio Performance:
Sharpe Ratio - PCA1 vs RMW (T=1)
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Figure OA.53: The plot reports the histograms
(from Dec 1981 to Feb 2019) of the t-ratio for the
Sharpe ratio 5/’1\?4,““ (blue bars) and S/(\Rt’t+17t+2
(green bars) corresponding to PCA1 and the
RMW risk factor respectively - see Section

Portfolio Performance:
Sharpe Ratio - PCA1 vs CASH HOLDING (T=1)
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Portfolio Performance:
Sharpe Ratio - PCA1 vs HXZ_ROE (T=1)

PCAL
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Figure OA.54: The plot reports the histograms
(from Dec 1981 to Feb 2019) of the t-ratio

for the Sharpe ratio @H”t (blue bars) and

S?J/%LHLHQ (green bars) corresponding to PCA1
and the HXZ_ROE risk factor respectively - see

Section .

Portfolio Performance:
Sharpe Ratio - PCA1 vs HML DEVIL (T=1)
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Portfolio Performance:
Sharpe Ratio - PCA1 vs GROSS PROF (T=1)
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Figure OA.57: The plot reports the histograms
(from Dec 1981 to Feb 2019) of the t-ratio for the
Sharpe ratio 5/']\%““ (blue bars) and S?Rt’tﬂﬂg
(green bars) corresponding to PCA1 and the
GROSS PROFIT risk factor respectively - see Sec-

tion @

Portfolio Performance:
Sharpe Ratio - PCA1 vs GROWTH ADV (T=1)
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Portfolio Performance:
Sharpe Ratio — PCA1 vs EMPL GROWTH (T=1)
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Figure OA.58: The plot reports the histograms
(from Dec 1981 to Feb 2019) of the t-ratio for the
Sharpe ratio @Hut (blue bars) and S?RMHHQ
(green bars) corresponding to PCA1 and the
EMPL GROWTH risk factor respectively - see

Section .

Portfolio Performance:
Sharpe Ratio - PCA1 vs BOOK LIQ (T=1)
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Portfolio Performance:
Sharpe Ratio - PCA1 vs INTERM (T=1)
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Figure OA.61: The plot reports the histograms
(from Dec 1981 to Feb 2019) of the t-ratio for the
Sharpe ratio S/‘EHW (blue bars) and Sﬁ%mﬂﬁg
(green bars) corresponding to PCA1 and the IN-
TERMEDIARY risk factor respectively - see Sec-

tion @
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12 Tables
12.1 Risk Premia Test - 7' =1 - Correct Specification

Table 1: Core Factors - Column 1: OLS estimator of recession dummy on pricing test Etﬂ‘t (in terms

of absolute value t-test), namely the estimated coefficient £ in |7§2T5‘%t| = a + [Bd; + uy, setting test, =
VN|Lyapl/ SEitmt where SEit+1\t denotes the standard error (see Theorem D and d; is a dummy

variable that takes value one when ¢ is one of the recession-financial crises periods, and zero otherwise;
Column 2 t-ratio of OLS coefficient; Column 3 average pricing test L,y (in terms of absolute value

t-test) over recession periods; Column 4 average pricing test L;y1; (in terms of absolute value t-test)
over all periods; Column 5 frequency of pricing test Et+1|t (in terms of absolute value t-test) when bigger
1.96; Column 5 frequency of pricing test EHW (in terms of absolute value t-test) when bigger 2 x 1.96;
Column 5 frequency of pricing test f,tﬂ‘t (in terms of absolute value t-test) when bigger 5 x 1.96;

Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(]t| > 2 x 1.96) Perc(|t| > 5 x 1

MktRf 3.490 3.141 6.294 —0.448 0.951 0.881 0.723
SMB 4.238 3.924 1.854 —0.128 0.942 0.866 0.658
HML 4.480 3.979 3.589 0.057 0.926 0.884 0.689
RMW 3.464 3.222 3.603 1.141 0.942 0.881 0.702
CMA 3.421 3.249 4.827 1.331 0.955 0.904 0.707
UMD 5.062 4.656 3.795 0.245 0.919 0.866 0.667
HML _Devil 5.794 5.208 3.793 0.552 0.922 0.864 0.689
BAB 4.414 3.963 1.658 —1.046 0.908 0.839 0.655
QMJ 2.618 2.433 5.605 1.550 0.944 0.864 0.694
HXZ 1A 3.762 3.639 2.385 0.754 0.955 0.899 0.714
HXZ_ROE 4.059 3.796 1.501 —0.409 0.944 0.886 0.673
Intermediary  4.537 4.172 5.793 1.370 0.944 0.861 0.658
convind 2.794 2.568 2.369 0.209 0.944 0.872 0.671
beta 4.080 3.870 3.020 —0.028 0.957 0.902 0.725
ep 3.124 2.806 4.317 0.940 0.935 0.879 0.723
dy 2.430 2.246 2.969 0.474 0.953 0.902 0.709
cp 3.579 3.269 4.059 0.685 0.942 0.879 0.698
pps 2.807 2.575 3.256 0.053 0.944 0.857 0.673
sue 3.508 3.283 3.637 0.554 0.944 0.872 0.671
LTR 4.538 4.211 2.453 —0.854 0.924 0.857 0.653
lev 4.325 3.913 6.165 0.806 0.957 0.868 0.689
cashdebt 5.578 5.069 4.262 0.498 0.928 0.868 0.689
cfp 3.114 2.933 4.540 0.461 0.955 0.888 0.707
cfp_ia 5.259 4.987 5.923 —0.209 0.937 0.877 0.671
bm_ia 3.408 3.214 2.829 0.945 0.949 0.895 0.707
ebp 3.440 3.214 5.110 1.158 0.953 0.893 0.705
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Table 2: Liquidity, Volatility, and Trading Activity Factors - Column 1: OLS estimator of recession
dummy on pricing test [~/t+1|t (in terms of absolute value t-test), namely the estimated coefficient 5 in
|test,| = o+ Bd; + uy, setting test, = \/N|l~lt+1\t|/SELt+m where SE}
(see Theorem [2) and d; is a dummy variable that takes value one when ¢t is one of the recession-financial
crises periods, and zero otherwise; Column 2 t-ratio of OLS coefficient; Column 3 average pricing test
itﬂ‘t (in terms of absolute value t-test) over recession periods; Column 4 average pricing test Z~}H1|t (in

) denotes the standard error

terms of absolute value t-test) over all periods; Column 5 frequency of pricing test L;;q, (in terms of
absolute value t-test) when bigger 1.96; Column 5 frequency of pricing test L1, (in terms of absolute

value t-test) when bigger 2 x 1.96; Column 5 frequency of pricing test L;y1; (in terms of absolute value
t-test) when bigger 5 x 1.96;

Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(]t| > 2 x 1.96) Perc(|t| > 5 x 1

turn 2,775 2.591 1.717 0.308 0.960 0.899 0.723
dolvol 3.222 3.030 3.164 0.329 0.944 0.893 0.687
std_dolvol 4.196 3.960 2.037 0.022 0.949 0.897 0.667
std_turn 3.452 3.156 2.151 0.408 0.946 0.872 0.702
ill 4.397 4.046 1.670 —0.579 0.926 0.850 0.660
LIQ-PS 2.719 2.460 4.672 —0.284 0.951 0.868 0.644
baspread 3.377 3.125 3.509 1.274 0.957 0.897 0.729
idiovol 2.589 2.458 2.677 0.105 0.962 0.893 0.723
retvol 3.450 3.230 3.506 0.751 0.969 0.913 0.707
zerotrade 2.884 2.640 2.304 0.372 0.960 0.893 0.716
pricedelay 3.702 3.428 5.029 —0.090 0.928 0.870 0.664
mom6m 4.789 4.470 0.434 —1.256 0.933 0.868 0.662
mom36m 4.620 4.359 2.026 —0.185 0.944 0.877 0.682
moms12m 4.917 4.610 0.220 0.145 0.931 0.859 0.655
chmom 4.759 4.622 1.536 —0.833 0.955 0.899 0.723
indmom 2.433 2.241 2.517 0.374 0.924 0.866 0.680
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Table 4: Remaining Factors, Anomalies, and Constraints Factors - Column 1: OLS estimator of recession
dummy on pricing test f}t+1|t (in terms of absolute value t-test) namely the estimated coefficient £ in
|{e\§ft| = a + fd; + uy, setting test, = \/N\EH”A/SEEM“ where SEEM‘
(see Theorem [2)) and d; is a dummy variable that takes value one when ¢ is one of the recession-financial
crises periods, and zero otherwise; Column 2 t-ratio of OLS coefficient; Column 3 average pricing test
EHW (in terms of absolute value t-test) over recession periods; Column 4 average pricing test [~/t+1|t (in

. denotes the standard error

terms of absolute value t-test) over all periods; Column 5 frequency of pricing test I~/t+1|t (in terms of
absolute value t-test) when bigger 1.96; Column 5 frequency of pricing test L;i1; (in terms of absolute

value t-test) when bigger 2 x 1.96; Column 5 frequency of pricing test L;41; (in terms of absolute value
t-test) when bigger 5 x 1.96;

Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(]t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x
acc 1.857 1.741 2.907 —0.316 0.940 0.868 0.678
absacc —0.226—-0.211 0.046 —0.401 0.928 0.881 0.723
stdacc 4.590 4.221 3.475 0.494 0.949 0.881 0.691
pctace 2.002 1.932 1.885 —0.148 0.953 0.888 0.698
stdcf 3.669 3.377 4.154 0.780 0.940 0.884 0.691
gad 1.717 1.592 4.550 0.382 0.942 0.866 0.669
ala 4.232 4.064 0.300 —0.621 0.942 0.872 0.678
sin 4.724 4.375 0.564 —0.794 0.946 0.879 0.644
maxret 4.007 3.747 4.101 1.176 0.951 0.899 0.732
kz 3.827 3.573 3.538 0.269 0.953 0.906 0.729
WwW 4.437 4.281 1.105 0.241 0.957 0.893 0.678
ms 3.222  2.833 4.662 1.157 0.928 0.843 0.620
s 5.385 5.139 4.182 0.363 0.964 0.899 0.705
rsup 4.343 3.963 2473 —0.286 0.953 0.881 0.685
herf 4.112 3.774 3.544 0.528 0.919 0.877 0.685
etr 5.197 4.793 4.388 —0.995 0.937 0.857 0.671
lfe 6.634 6.158 4.009 0.342 0.953 0.886 0.687
zS 3.540 3.181 4.157 0.751 0.949 0.881 0.694
rd 2.299 2.118 0.046 —1.053 0.951 0.904 0.676
adm 4.339 4.100 0.134 —0.523 0.942 0.879 0.678
rdm 2.512 2.426 1.929 —0.057 0.940 0.864 0.682
rds 2.367 2.299 0.290 —0.511 0.933 0.864 0.702
chinv 3.322 3.182 1.677 0.334 0.937 0.872 0.707
chtx 4.138 3.780 4.492 —0.131 0.940 0.890 0.673
grltnoa 4.453 4.309 4.684 0.068 0.933 0.861 0.689
grltnoa_hxz 3.716 3.500 2.897 —0.072 0.940 0.875 0.676
ob_a 4.859 4.582 0.623 —0.549 0.935 0.861 0.640
th 3.324 2.979 3.188 0.172 0.940 0.857 0.664
age 3.379 3.093 4.794 1.334 0.935 0.868 0.687
egr 3.620 3.482 2.136 0.669 0.957 0.886 0.689
lgr 3.865 3.502 5.574 0.680 0.957 0.884 0.682
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Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 X

1PO 4.595 4.142 4.877 0.721 0.949 0.875 0.617
cei 4.734 4.481 1.066 —0.016 0.953 0.897 0.669
nef 4.122 3.826 6.357 1.270 0.955 0.893 0.727
ndf 4.363 4.151 4.264 0.267 0.937 0.888 0.658
nxf 3.716 3.406 7.363 1.605 0.946 0.879 0.680
dfin 4.058 3.969 3.977 0.010 0.946 0.897 0.694
dsti 4.960 4.639 —0.506 —1.049 0.940 0.864 0.662
dfnl 3.663 3.415 1.060 —0.719 0.928 0.857 0.669
egr_hxz, 4.376 4.211 3.012 —0.298 0.953 0.904 0.685
ear 2.934 2.651 1.801 —0.433 0.937 0.868 0.664
chatoia 3.984 3.693 0.385 —0.405 0.937 0.886 0.698
chpmia 2.821 2.729 1.625 0.235 0.933 0.886 0.709
rna 3.409 3.113 0.129 —0.114 0.942 0.870 0.702
cdi 3.985 3.678 2.268 —0.113 0.935 0.881 0.667
chesho 1.969 1.821 1.227 0.565 0.946 0.868 0.682
aeavol 3.868 3.559 2.640 —0.209 0.928 0.852 0.680
sp 4.417 4.054 4.991 0.049 0.944 0.866 0.687
cto 2.720 2.575 0.305 —0.463 0.940 0.875 0.709
STR 3.952 3.749 0.542 —0.589 0.942 0.886 0.671
sgr 3.536 3.378 1.622 —0.056 0.949 0.888 0.698
pchgm _pchsale 3.745 3.405 —0.273 —1.171 0.946 0.895 0.689
pchsale_pchinvt 4.836 4.438 1.031 —1.019 0.922 0.839 0.678
pchsale_pchrect 1.804 1.647 4.254 —0.793 0.944 0.879 0.669
pchsale_pchxsga 2.768 2.564 4.283 0.334 0.940 0.879 0.685
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Table 3: Investment, Profitability, and Balance sheet Factors - Column 1: OLS estimator of recession
dummy on pricing test EtH‘t (in terms of absolute value t-test) namely the estimated coefficient 8 in
|test,| = o+ Bd, + uy, setting test, = \/N|[~/t+1\t|/SEit+m where SE; |
(see Theorem [2|) and d, is a dummy variable that takes value one when ¢ is one of the recession-financial
crises periods, and zero otherwise; Column 2 t-ratio of OLS coefficient; Column 3 average pricing test
ZNLtH‘t (in terms of absolute value t-test) over recession periods; Column 4 average pricing test f)t+1|t (in

) denotes the standard error

terms of absolute value t-test) over all periods; Column 5 frequency of pricing test L;;q, (in terms of
absolute value t-test) when bigger 1.96; Column 5 frequency of pricing test L;;q; (in terms of absolute

value t-test) when bigger 2 x 1.96; Column 5 frequency of pricing test Ly ;1 (in terms of absolute value
t-test) when bigger 5 x 1.96;

Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x 1

invest 5.124 4.929 3.658 0.788 0.953 0.897 0.678
cinvest 4.126 3.791 1.576 —0.734 0.922 0.857 0.673
cinvest_a 4.383 4.161 —1.710 —1.000 0.928 0.870 0.685
grcapx 4.085 3.862 3.921 0.513 0.955 0.886 0.696
pchcapx 4.049 3.797 2.672 0.355 0.919 0.859 0.649
pchecapx3 3.573 3.310 3.363 0.579 0.931 0.868 0.671
pchcapx._ia 2.758 2.561 3.173 0.082 0.944 0.877 0.694
noa 3.805 3.654 2.207 —0.499 0.940 0.866 0.631
dnoa 3.408 3.127 2.410 —0.382 0.924 0.861 0.680
gma 3.718 3.527 0.417 —0.385 0.931 0.864 0.694
orgcap 3.314 3.102 0.023 —0.637 0.931 0.868 0.676
roaq 4.965 4.585 4.639 —0.312 0.924 0.864 0.696
roavol 1.338 1.274 5.443 1.715 0.955 0.904 0.711
op 3.624 3.399 3.385 0.790 0.966 0.902 0.694
nop 3.317 3.094 2.149 0.684 0.960 0.897 0.716
pm 4.129 4.017 4.932 0.822 0.962 0.911 0.740
ato 4.066 3.727 5.052 0.616 0.944 0.861 0.678
cash 3.365 3.083 1.749 0.157 0.937 0.859 0.680
currat 2.160 2.056 1.356 0.942 0.937 0.877 0.736
pchcurrat 2.701 2.471 0.451 —0.382 0.937 0.861 0.669
quick 3.954 3.780 0.956 —0.383 0.933 0.879 0.727
pchquick 2.759 2.532 —2.057 —1.874 0.937 0.852 0.673
pchsaleinv 4.860 4.527 2.707 —0.498 0.913 0.846 0.669
saleinv 4.383 4.226 0.173 —0.443 0.928 0.881 0.680
salecash 4.105 3.849 5.468 0.770 0.928 0.881 0.680
salerec 4.181 3.793 4.227 0.813 0.931 0.843 0.685
dwc 4.057 4.051 4.028 0.424 0.951 0.893 0.691
dnca 3.988 3.723 4.475 0.338 0.940 0.879 0.664
dncl 3.548 3.222 1.112 0.280 0.915 0.837 0.647
dnco 3.781 3.512 5.406 1.573 0.926 0.861 0.664
dcoa 2.916 2.760 3.238 0.245 0.946 0.886 0.718
dcol 3.625 3.418 1.617 —0.350 0.957 0.897 0.723
ta 4.891 4.645 1.048 —0.434 0.946 0.864 0.653
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Table 5: Ranking of zoo risk factors by the percentage of periods in which the corresponding risk
premium pricing test is significant at the 5% level: Column 1 reports the ranking based on all periods,
Column 2 on non-recession periods, and Column 3 on recession periods. A higher rank corresponds to
a smaller percentage.

Zoo risk factor rank_all rank_exp rank_rec

BAB 1 2 25
pchsaleinv 2 1 90
dncl 3 8 19
UMD 5 5 63
herf 6 15 20
pchcapx 7 9 47
ol 8 3 134
pchsale_pchinvt 9 4 125
cinvest 10 7 104
HML _Devil 11 10 83
LTR 12 19 13
indmom 13 27 4
dnoa 14 13 69
roaq 15 26 24
HML 16 11 85
ill 17 6 137
dnco 18 17 71
cashdebt 19 16 89
salecash 20 12 123
saleinv 21 29 14
depr 22 30 15
cinvest_a 23 46 )
pricedelay 24 14 129
dfnl 25 23 72
ms 26 24 73
tang 27 25 76
aeavol 28 41 22
absacc 29 75 1
salerec 30 20 91
pchcapx3 31 40 43
moms12m 32 42 46
gma 33 28 84
orgcap 34 56 8
quick 35 44 31
mom6m 36 21 124
rds 37 33 65
grltnoa 38 34 68
chpmia 39 65 6
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Zoo risk factor rank_all rank_exp rank_rec

poa 40 43 82
ep 41 68 3
nincr 42 32 98
ob_a 43 35 103
age 44 37 106
cdi 45 48 79
currat 46 57 29
pchcurrat 47 58 30
pchquick 48 49 58
etr 49 31 126
ps 50 45 99
cfp_ia 51 22 148
chinv 52 72 18
ndf 53 47 112
ear 54 74 23
chatoia 55 64 49
cash 56 66 51
acc 57 50 95
cto 58 60 62
pchsale_pchxsga 59 51 96
rdm 60 53 102
chtx 61 62 66
grltnoa_hxz 62 36 138
noa 63 54 105
th 64 73 41
dnca 65 38 140
dsti 66 39 142
stdcf 67 55 118
SMB 68 88 11
RMW 69 89 12
STR 70 59 93
cp 71 69 61
0s 72 79 35
chempia 73 61 100
adm 74 52 128
rna 75 84 48
gad 76 98 26
ala 77 67 122
convind 78 109 9
sue 79 7 57
pps 80 90 28
mom36m 81 78 60
Sp 82 100 16
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Zoo risk factor rank_all rank_exp rank_rec

pchsale_pchrect 83 93 34
pchcapx_ia 84 70 97
dolvol 85 101 17
ato 86 85 80
ivg 87 118 7
QMJ 88 97 52
HXZ_ROE 89 99 55
Intermediary 90 108 27
pchgm_pchsale 91 92 64
std_turn 92 81 101
dcoa 93 95 70
dfin 94 83 109
ta 95 63 141
nxf 96 104 45
chesho 97 115 21
sin 98 86 117
em 99 87 121
sgr 100 91 94
1IPO 101 111 32
VS 102 112 36
bm_ia 103 80 127
std_dolvol 104 71 136
stdacc 105 76 147
MktRf 106 126 10
LIQ_PS 107 120 38
rd 108 82 139
dwc 109 102 108
roic 110 105 113
ndp 111 106 114
maxret 112 107 120
dy 113 110 87
Ife 114 94 135
kz 115 130 37
egr_hxz 116 113 110
cei 117 133 44
ebp 118 124 78
rsup 119 96 146
invest 120 117 119
pctacc 121 125 81
CMA 122 119 86
pchdepr 123 129 59
cfp 124 137 39
roavol 125 138 40
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Zoo risk factor rank_all rank_exp rank_rec

chmom 126 103 143
greapx 127 132 74
nef 128 123 111
dpia 129 116 133
realestate_hxz 130 140 50
HXZ_IA 131 141 54
beta 132 136 56
lev 133 127 88
baspread 134 128 92
egr 135 121 130
lgr 136 122 131
dcol 137 131 107
WW 138 114 145
cashpr 139 135 116
turn 140 143 33
zerotrade 141 145 42
nop 142 134 132
idiovol 143 144 67
pm 144 142 115
hire 145 146 53
s 146 139 144
op 147 147 77
retvol 148 148 75

12.2 Risk Premia Test - T'= 1 - Misspecification

Table 6: Ranking of zoo risk factors by the percentage of periods in which the corresponding risk
premium pricing test is significant at the 5% level: Column 1 reports the ranking based on all periods
without bias adjustment; Columns 2, 3, and 4 report the rankings based on all periods with PCA3,
PCAS5, and PCA10 bias adjustments, respectively. A higher rank corresponds to a smaller percentage.

Zoo risk factor rank_zoo rank_zoo+PCA3 rank zoo+PCA5 rank_zoo+PCA10

BAB 1 132 128 128
pchsaleinv 2 13 64 64
dncl 3 56 80 80
UMD 5 5 89 89
herf 6 1 134 134
pchcapx 7 139 87 87
ol 8 19 12 12
pchsale_pchinvt 9 63 71 71
cinvest 10 54 92 92
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Zoo risk factor rank_zoo rank_zoo+PCA3 rank zoo+PCA5 rank_zoo+PCA10

HML _Devil 11 72 68 68
LTR 12 103 39 39
indmom 13 89 104 104
dnoa 14 90 131 131
roaq 15 119 108 108
HML 16 45 42 42
ill 17 105 145 145
dnco 18 20 26 26
cashdebt 19 39 129 129
salecash 20 47 102 102
saleinv 21 113 3 3
depr 22 31 34 34
cinvest_a 23 o1 121 121
pricedelay 24 42 11 11
dfnl 25 98 140 140
ms 26 91 142 142
tang 27 109 ) )
aeavol 28 117 63 63
absacc 29 70 75 75
salerec 30 46 33 33
pchcapx3 31 6 67 67
moms12m 32 68 74 74
gma 33 126 83 83
orgcap 34 24 15 15
quick 35 112 23 23
momo6m 36 48 96 96
rds 37 147 44 44
grltnoa 38 35 52 52
chpmia 39 57 113 113
poa 40 134 77 7
ep 41 76 57 57
nincr 42 73 50 50
ob_a 43 125 109 109
age 44 26 106 106
cdi 45 23 135 135
currat 46 140 78 78
pchcurrat 47 87 49 49
pchquick 48 30 79 79
etr 49 95 99 99
ps 50 127 141 141
cfp_ia 51 53 112 112
chinv 52 49 90 90
ndf 53 129 144 144
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Zoo risk factor rank_zoo rank_zoo+PCA3 rank zoo+PCA5 rank_zoo+PCA10

ear 54 93 137 137
chatoia 55 16 82 82
cash 56 128 48 48
acc 57 121 143 143
cto 58 2 14 14
pchsale_pchxsga 59 33 111 111
rdm 60 10 124 124
chtx 61 143 133 133
grltnoa_hxz 62 74 36 36
noa 63 144 147 147
th 64 55 53 53
dnca 65 14 85 85
dsti 66 108 66 66
stdcf 67 44 118 118
SMB 68 7 7 7
RMW 69 110 119 119
STR 70 88 88 88
cp 71 104 97 97
0s 72 25 130 130
chempia 73 122 120 120
adm 74 148 30 30
rna 75 15 9 9
gad 76 38 116 116
ala 77 142 101 101
convind 78 86 94 94
sue 79 59 70 70
pps 80 102 95 95
moma36m 81 135 65 65
sp 82 4 13 13
pchsale_pchrect 83 40 139 139
pchcapx_ia 84 34 132 132
dolvol 85 141 105 105
ato 86 28 6 6
ivg 87 69 115 115
QMJ 88 85 41 41
HXZ_ROE 89 75 110 110
Intermediary 90 146 148 148
pchgm_pchsale 91 114 54 54
std_turn 92 78 51 51
dcoa 93 9 8 8
dfin 94 27 10 10
ta 95 21 45 45
nxf 96 130 31 31
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Zoo risk factor rank_zoo rank_zoo+PCA3 rank zoo+PCA5 rank_zoo+PCA10

chesho 97 99 4 4
sin 98 100 114 114
em 99 138 27 27
sgr 100 60 117 117
PO 101 32 103 103
ZS 102 96 59 59
bm_ia 103 115 29 29
std_dolvol 104 8 43 43
stdacc 105 36 47 47
MktRf 106 124 123 123
LIQ_PS 107 50 91 91
rd 108 116 60 60
dwc 109 11 25 25
roic 110 84 73 73
ndp 111 131 22 22
maxret 112 71 38 38
dy 113 120 69 69
Ife 114 41 58 58
kz 115 97 35 35
egr_hxz, 116 133 81 81
cei 117 67 122 122
ebp 118 52 46 46
rsup 119 18 146 146
invest 120 29 76 76
pctacc 121 137 136 136
CMA 122 58 32 32
pchdepr 123 62 24 24
cfp 124 79 125 125
roavol 125 145 100 100
chmom 126 92 126 126
grecapx 127 123 61 61
nef 128 22 1 1
dpia 129 43 93 93
realestate_hxz 130 101 138 138
HXZ_IA 131 65 56 56
beta 132 111 16 16
lev 133 77 28 28
baspread 134 12 40 40
egr 135 106 107 107
lgr 136 107 21 21
dcol 137 80 84 84
WW 138 83 55 55
cashpr 139 17 37 37
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Zoo risk factor rank_zoo rank_zoo+PCA3 rank zoo+PCA5 rank_zoo+PCA10

turn 140 94 98 98
zerotrade 141 81 86 86
nop 142 64 2 2
idiovol 143 66 20 20
pm 144 118 127 127
hire 145 37 18 18
s 146 82 62 62
op 147 136 17 17
retvol 148 61 72 72

Table 7: Zoo Factors with PCA3 bias adjustment. Column 1: OLS estimator of a recession dummy on

pricing test E’;‘fﬁt (absolute-value t-test), that is, the estimated coefficient S in |7§3T9/tt| = a + Bd; + uy,
where test, = \/N]ﬂ;"ﬁsH/SEin, and SEj

a dummy equal to one in recession/financial-crisis periods and zero otherwise. Column 2: t-ratio of
the OLS coefficient. Column 3: average pricing test f}’t“fﬁt over recession periods. Column 4: average
pricing test over all periods. Columns 5-7: frequency with [¢| > 1.96, |t| > 2 x 1.96, and [t| > 5 x 1.96,
respectively.

, denotes the standard error (see Theorem ; d; is

Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 X

MktRf 0.649 1.614 —0.101 0.025 0.669 0.369 0.054
SMB 0.284 0.751 —0.106 —0.430 0.615 0.387 0.051
HML —0.222—-0.594 0.357 —0.050 0.638 0.387 0.054
RMW —0.207—-0.579 —0.220 —0.238 0.664 0.374 0.040
CMA —0.172—0.459 0.149 0.118 0.644 0.376 0.058
beta 0.242 0.677 —0.105 —0.094 0.664 0.412 0.049
ep —0.017—-0.043 —0.226 —0.162 0.655 0.396 0.051
dy 0.191 0.518 —0.990 —0.168 0.667 0.396 0.051
sue 0.351 0.893 —0.850 —0.436 0.644 0.394 0.058
pps 0.088 0.239 —0.493 —0.456 0.662 0.412 0.047
LTR 0.378 0.964 —0.925 0.040 0.662 0.409 0.058
lev —0.184—-0.473 —0.236 —0.107 0.655 0.365 0.058
cashdebt —0.308—0.775 —0.816 —0.144 0.635 0.412 0.063
currat —0.218—0.592 —0.375 —0.209 0.682 0.365 0.054
pchcurrat 0.352 0.964 —0.184 —0.134 0.658 0.389 0.038
pchquick 0.259 0.727 —0.388 —0.192 0.633 0.380 0.036
pchsaleinv 0.267 0.706 —0.433 —0.362 0.626 0.396 0.036
quick —0.204—-0.545 —0.412 —0.116 0.664 0.362 0.058
salecash —0.478—1.221 —0.652 —0.307 0.640 0.365 0.056
saleinv 0.425 1.132 —0.018 —0.456 0.664 0.369 0.056
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Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 X

salerec —0.214—0.552
baspread 0.175 0.458
depr —0.032—0.079
pchdepr —0.482—1.190
STR —0.348—-0.869
momo6m 0.063 0.177
mom36m —0.169—0.433
sgr —0.243—-0.639
cp 0.090 0.232
IPO —0.048—-0.121
acc —0.022—0.057
sp 0.138 0.366
cto —0.234—0.573
UMD 0.024 0.063
turn 0.228 0.613

pchgm _pchsale 0.066 0.161
pchsale_pchinvt 0.236 0.644
pchsale_pchrect 0.017 0.044
pchsale_pchxsga—0.227—0.584

etr 0.593 1.517
Ife 0.283 0.788
oS —0.193—-0.543
Z8 —0.051—-0.131
pchecapx_ia —0.247—0.622
nincr —0.033—0.082
indmom 0.112 0.312
ps 0.428 1.071
bm_ia —0.173-0.429
cfp_ia —0.189—-0.484
chempia 0.528 1.389
dolvol —0.064—0.156
std_dolvol —0.453—1.242
std_turn 0.393 1.057
adm —0.096—0.267
rdm 0.140 0.384
rds 0.234 0.629
kz —0.174—0.459
chinv 0.498 1.299
chtx —0.279—-0.765
ill —0.146—0.404
LIQ_PS 0.030 0.075

—0.300
—0.266
—0.301
—0.304
—0.323
0.078
—0.250
—0.703
—0.446
0.647
—0.475
0.029
—0.358
0.444
—0.239
—0.479
0.001
—0.751
0.287
—0.510
—0.366
—0.306
—0.149
0.359
—0.734
—1.338
—0.220
—0.754
—0.072
0.330
—0.508
—0.285
0.365
—0.645
0.532
0.166
—0.002
—0.306
0.748
0.041
—0.949

—0.064
—0.025
—0.272
—0.183

0.008
—0.108
—0.099
—0.416

0.018

0.062
—0.190

0.006
—0.018

0.174

0.068
—0.387
—0.251
—0.437
—0.067
—0.095
—0.121
—0.467

0.001
—0.023

0.113
—0.333

0.090
—0.333
—0.331
—0.097
—0.124
—0.187

0.124
—0.331
—0.019
—0.109
—0.207
—0.204
—0.034
—0.260
—0.285

0.638
0.624
0.633
0.647
0.658
0.640
0.678
0.644
0.662
0.633
0.667
0.611
0.602
0.611
0.660
0.664
0.647
0.635
0.633
0.660
0.635
0.631
0.660
0.633
0.653
0.658
0.671
0.664
0.642
0.667
0.682
0.617
0.655
0.696
0.620
0.694
0.660
0.640
0.687
0.662
0.640

0.396
0.391
0.396
0.349
0.416
0.369
0.423
0.383
0.387
0.378
0.378
0.351
0.371
0.367
0.412
0.416
0.398
0.376
0.407
0.436
0.367
0.362
0.374
0.421
0.403
0.423
0.414
0.418
0.407
0.421
0.430
0.351
0.407
0.414
0.362
0.376
0.378
0.358
0.371
0.407
0.387

0.054
0.056
0.069
0.058
0.060
0.040
0.063
0.056
0.058
0.045
0.067
0.049
0.058
0.051
0.060
0.063
0.036
0.045
0.054
0.056
0.043
0.040
0.058
0.065
0.065
0.040
0.063
0.067
0.056
0.056
0.069
0.043
0.054
0.051
0.043
0.056
0.054
0.043
0.054
0.045
0.065
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Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 X

idiovol 0.311 0.838
grltnoa —0.142—0.368
ob_a —0.886—2.340
grltnoa_hxz —0.006—0.017
cfp 0.206 0.505
rd 0.130 0.328
cinvest 0.109 0.290
roavol —0.033—0.088
cinvest_a 0.047 0.122
noa 0.016 0.041
dnoa 0.289 0.749
tb —0.250—0.650
pricedelay 0.608 1.592
age —0.180—0.474
egr 0.188 0.491
lgr —0.231-0.600
dcoa —0.298—0.816
dcol —0.173—0.447
dwce —0.382—1.062
dnca 0.161 0.446
dncl 0.453 1.029
dnco —0.030—0.082
dfin —0.038—-0.102
ta 0.002 0.006
dsti —0.139—-0.357
dfnl —0.292—0.820
egr_hxz 0.104 0.284
ms —0.396—1.046
chmom 0.299 0.801
greapx —0.109—0.286
retvol 0.146 0.390
zerotrade 0.341 0.942
pchcapx3 0.325 0.844
cei —0.272—0.659
nef 0.195 0.515
ndf —0.502—1.330
nxf 0.400 1.097
s —0.212—0.547
herf 0.388 0.953
WW 0.144 0.397
roic —0.189—-0.515

—0.475
—0.259
—0.249

0.003
—0.629
—0.351
—0.927
—0.685
—0.584
—0.611
—0.482
—0.433
—0.894
—0.241
—0.579
—0.180

0.466

0.476
—0.090

0.042
—0.756

0.087
—0.131

0.153
—0.427
—0.604
—0.423
—1.085
—0.659

0.085
—0.674
—0.350
—0.743
—0.114
—0.031
—0.554
—0.172

0.128
—1.291

0.084
—1.163

—0.184
—0.386

0.147
—0.134
—0.177
—0.364
—0.616
—0.367
—0.447
—0.407
—0.314
—0.103
—0.120

0.197
—0.037
—0.238

0.126

0.048
—0.275
—0.143
—0.029
—0.099
—0.183
—0.099
—0.232
—0.149

0.020
—0.160
—0.051
—0.057
—0.180

0.099
—0.048
—0.225
—0.060
—0.319
—0.006
—0.079
—0.302

0.255
—0.260

0.649
0.633
0.669
0.653
0.655
0.664
0.642
0.689
0.640
0.687
0.658
0.642
0.635
0.631
0.662
0.662
0.617
0.655
0.620
0.626
0.642
0.629
0.631
0.629
0.662
0.660
0.676
0.658
0.658
0.667
0.644
0.655
0.613
0.649
0.629
0.673
0.673
0.655
0.597
0.655
0.655

0.409
0.360
0.416
0.387
0.380
0.427
0.383
0.403
0.391
0.403
0.398
0.378
0.409
0.398
0.394
0.385
0.367
0.405
0.353
0.374
0.389
0.360
0.378
0.383
0.409
0.394
0.412
0.383
0.398
0.398
0.398
0.414
0.362
0.423
0.385
0.416
0.409
0.394
0.367
0.365
0.421

0.054
0.049
0.051
0.058
0.074
0.054
0.036
0.040
0.058
0.049
0.058
0.047
0.049
0.058
0.056
0.049
0.034
0.056
0.040
0.045
0.085
0.040
0.045
0.049
0.054
0.045
0.056
0.054
0.040
0.051
0.056
0.047
0.054
0.060
0.043
0.047
0.043
0.054
0.065
0.043
0.051
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Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 X

tang —0.470—1.299
op 0.248 0.653
nop —0.002—0.005
ndp —0.444-—1.140
ebp 0.040 0.103
chesho —0.045—0.119
aeavol 0.201 0.510
ear —0.016—0.037
moms12m —0.030—0.079
dpia —0.353—0.965
pchecapx 0.232 0.622
cdi —0.103—0.294
rna 0.200 0.533
pm 0.204 0.498
ato 0.457 1.184
chatoia —0.582—1.630
chpmia —0.344—0.891
cashpr —0.293—0.797
sin 0.278 0.763
rsup —0.385—1.007
stdcf 0.114 0.318
absacc —0.395—1.017
invest —0.303—0.820
roaq 0.072 0.182
stdacc 0.250 0.707
realestate_hxz  0.030 0.079
pctacc 0.359 0.916
maxret —0.054—0.147
ol —0.554—1.410
ivg 0.114 0.313
poa —0.321-0.737
em —0.401—0.978
cash —0.206—0.506
HML _Devil —0.107—-0.271
gma 0.007 0.015
orgcap 0.159 0.362
BAB —0.172—0.457
QMJ —0.087—0.234
hire —0.288-0.743
gad 0.009 0.027
ala 0.010 0.022

—0.610
—0.516
—0.805
—0.271
—0.139
—0.451
—0.110
—0.218
—0.370
—0.203
—0.312
—0.465
—0.884
—0.791
—0.123

0.507
—0.360
—0.005
—0.351
—0.582
—0.506

0.501
—0.288
—0.459
—0.330

0.135
—0.233
—0.416
—0.538

0.159
—0.267
—0.420
—0.261
—0.408
—0.570
—0.244
—0.491
—0.378

0.266
—0.596
—0.804

—0.163

0.261
—0.015

0.086
—0.143
—0.043
—0.209
—0.497
—0.200
—0.387
—0.142
—0.392
—0.220
—0.513

0.013
—0.070
—0.236
—0.108
—0.179
—0.272
—0.219
—0.047
—0.329
—0.270
—0.089

0.099

0.169
—0.049
—0.425
—0.034
—0.240
—0.286
—0.139
—0.223
—0.163

0.000
—0.200
—0.183
—0.192
—0.147
—0.304

0.662
0.678
0.647
0.673
0.640
0.660
0.664
0.658
0.649
0.635
0.680
0.629
0.626
0.664
0.631
0.626
0.642
0.626
0.660
0.626
0.635
0.651
0.631
0.664
0.633
0.660
0.678
0.651
0.626
0.649
0.676
0.678
0.671
0.651
0.669
0.629
0.673
0.655
0.633
0.633
0.685

0.400
0.391
0.385
0.389
0.387
0.421
0.421
0.416
0.412
0.365
0.396
0.349
0.371
0.423
0.380
0.371
0.380
0.380
0.412
0.338
0.376
0.380
0.369
0.398
0.371
0.436
0.391
0.389
0.360
0.362
0.378
0.398
0.414
0.394
0.412
0.371
0.405
0.376
0.374
0.380
0.405

0.040
0.054
0.060
0.058
0.063
0.038
0.051
0.072
0.047
0.045
0.047
0.036
0.045
0.058
0.051
0.043
0.051
0.040
0.038
0.060
0.040
0.054
0.045
0.074
0.045
0.054
0.065
0.051
0.051
0.045
0.063
0.069
0.063
0.063
0.076
0.078
0.038
0.047
0.060
0.043
0.076
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Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 X

HXZ IA —0.063—0.176 —0.207 0.079 0.647 0.383 0.047
HXZ_ROE 0.296 0.755 0.046 0.054 0.653 0.427 0.049
Intermediary 0.288 0.741 —0.309 —0.089 0.689 0.432 0.060
convind —0.284—-0.743 0.004 —0.120 0.655 0.391 0.049

Table 8: Zoo Factors with PCAS bias adjustment. Column 1: OLS estimator of a recession dummy on

pricing test f)g‘fﬁt (absolute-value -test), that is, the estimated coefficient 3 in |test;| = a + Bd; + uy,

where test, = /N |LMs /SE;,,,,» and SEf,

t+1t +1]
a dummy equal to one in recession/financial-crisis periods and zero otherwise. Column 2: t-ratio of
the OLS coefficient. Column 3: average pricing test L;“fﬁt over recession periods. Column 4: average
pricing test over all periods. Columns 5-7: frequency with [¢| > 1.96, |t| > 2 x 1.96, and [t| > 5 x 1.96,

respectively.

. denotes the standard error (see Theorem ; d; is

Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(]t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x

MktRf —0.125—0.424 0.156 0.156 0.559 0.280 0.011
SMB 0.409 1.321 0.312 0.015 0.555 0.268 0.022
HML 0.180 0.587 —0.289 —0.153 0.557 0.293 0.013
RMW 0.052 0.170 —0.002 —0.069 0.553 0.293 0.018
CMA 0.490 1.671 —0.011 —0.032 0.579 0.246 0.018
beta 0.768 2.581 —0.177 0.054 0.584 0.286 0.007
ep —0.139-0.447 —0.492 —0.069 0.602 0.327 0.018
dy 0.470 1.493 —0.342 —0.114 0.553 0.282 0.020
sue 0.633 2.088 0.137 0.032 0.570 0.253 0.025
pps 0.524 1.804 —0.619 —0.051 0.582 0.295 0.013
LTR 0.620 2.056 0.440 0.214 0.553 0.306 0.013
lev 0.147 0.474 0.144 —0.009 0.593 0.300 0.022
cashdebt 0.295 0.925 —0.225 —0.250 0.584 0.315 0.022
currat —0.063—0.191 —0.815 0.134 0.617 0.293 0.034
pchcurrat 0.115 0.391 —0.882 —0.036 0.575 0.298 0.007
pchquick —0.029—-0.100 —0.741 —0.020 0.562 0.309 0.011
pchsaleinv 0.242 0.788 0.536 —0.042 0.617 0.300 0.020
quick 0.095 0.294 —0.262 0.139 0.588 0.266 0.029
salecash —0.101-0.329 —0.363 0.041 0.586 0.277 0.029
saleinv 0.342 1.146 0.383 0.072 0.544 0.289 0.011
salerec 0.154 0.522 —0.067 —0.109 0.573 0.320 0.009
baspread 0.544 1.760 —0.116 —0.118 0.575 0.286 0.011
depr 0.284 0.907 —0.278 0.022 0.593 0.302 0.022
pchdepr —0.443—1.357 0.328 —0.165 0.570 0.306 0.022
STR 0.164 0.516 0.041 0.193 0.570 0.331 0.016
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Zoo risk factor

Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x

momo6m
mom36m
sgr

cp

IPO

acc

Sp

cto

UMD
turn

pchgm_pchsale

0.121 0.404
0.576 1.839
0.194 0.625
—0.193-0.634
0.161 0.508
—0.140—-0.476
0.418 1.434
—0.135—-0.429
0.208 0.656
0.522 1.728
0.031 0.099

pchsale_pchinvt 0.082 0.276
pchsale_pchrect 0.556 1.795
pchsale_pchxsga 0.056 0.178

etr

Ife

oS

Z8
pchcapx_ia
nincr
indmom
ps

bm_ia
cfp_ia
chempia
dolvol
std_dolvol
std_turn
adm

rdm

rds

kz

chinv
chtx

ill
LIQ_PS
idiovol
grltnoa
ob_a
grltnoa_hxz
cfp

0.301 0.993
0.145 0.492
0.002 0.006
0.213 0.686
0.216 0.691
—0.033—0.100
0.591 1.927
0.818 2.671
0.112 0.355
0.083 0.278
0.755 2.619
0.178 0.560
0.343 1.172
0.626 2.107
0.261 0.933
0.584 2.064
0.535 1.854
0.196 0.642
0.016 0.049
0.254 0.810
0.392 1.327
0.448 1.531
0.780 2.479
0.357 1.132
—0.047—-0.148
0.395 1.250
0.198 0.642

0.284
—0.139
—0.330
—0.581

0.071
—0.338
—0.047
—0.001

0.134
—0.133

0.131

0.669
—0.381

0.187

0.377

0.349
—0.124
—0.076

0.517

0.030

0.020
—0.358
—0.617

0.052
—0.213
—0.167

0.490

0.183
—0.559
—0.021

0.065
—0.308

0.063

0.357

0.459

0.252

0.138

0.090
—0.108

0.340
—0.169

0.298
0.173
—0.009
—0.047
0.117
0.133
0.011
0.032
0.098
0.082
—0.009
—0.030
0.062
—0.067
—0.020
0.284
—0.004
—0.014
0.167
0.119
—0.008
—0.048
—0.147
0.055
—0.071
—0.020
—0.032
0.116
—0.155
0.157
0.176
—0.131
0.140
0.147
—0.078
0.026
0.117
0.029
—0.052
0.148
—0.008

0.615
0.593
0.588
0.600
0.553
0.591
0.555
0.539
0.573
0.591
0.582
0.613
0.597
0.584
0.604
0.615
0.557
0.602
0.617
0.593
0.564
0.553
0.593
0.582
0.582
0.591
0.600
0.593
0.562
0.600
0.575
0.588
0.586
0.602
0.611
0.564
0.575
0.584
0.609
0.568
0.568

0.324
0.318
0.298
0.275
0.300
0.327
0.275
0.275
0.345
0.320
0.333
0.291
0.293
0.313
0.333
0.306
0.313
0.300
0.342
0.320
0.295
0.304
0.318
0.311
0.324
0.331
0.286
0.309
0.318
0.293
0.284
0.286
0.311
0.315
0.329
0.298
0.313
0.304
0.300
0.300
0.271

0.011
0.016
0.022
0.022
0.011
0.011
0.013
0.013
0.013
0.009
0.013
0.018
0.025
0.016
0.013
0.011
0.009
0.022
0.016
0.034
0.011
0.011
0.020
0.011
0.013
0.013
0.016
0.009
0.007
0.013
0.013
0.022
0.029
0.020
0.009
0.009
0.011
0.018
0.020
0.013
0.022

Continued on next

89
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Coeff t-ratio

Mean(t)-crises Mean(t)-overall Perc(]t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x

rd
cinvest
roavol
cinvest_a
noa
dnoa

tb

pricedelay

age

egr

lgr
dcoa
dcol
dwce
dnca
dncl
dnco
dfin

ta

dsti
dfnl
egr_hxz
ms
chmom
greapx
retvol
zerotrade
pchecapx3
cei

nef

ndf

nxf

s

herf
WW
roic
tang
op

nop
ndp
ebp

0.454 1.532
0.108 0.350
0.370 1.162
0.242 0.772
0.334 1.082
0.243 0.779
—0.147—-0.469
0.530 1.839
0.188 0.593
0.384 1.137
0.383 1.249
—0.141-0.482
—0.089—-0.291
0.676 2.377
0.387 1.301
0.447 1.417
0.538 1.832
0.319 1.083
0.178 0.630
0.060 0.198
—0.083-0.270
0.401 1.254
—0.321—-1.081
0.358 1.145
0.355 1.156
0.470 1.497
0.372 1.243
0.189 0.598
0.198 0.633
0.629 2.032
—0.230—0.778
0.622 1.998
0.250 0.834
—0.012—-0.040
0.870 2.915
—0.072—-0.233
—0.029—-0.090
0.690 2.140
0.657 2.049
0.082 0.260
—0.066—0.211

—0.063
0.179
—0.110
0.156
—0.252
0.017
0.719
—0.140
—0.002
—0.145
—0.510
0.016
—0.401
—0.429
—0.120
0.136
0.093
0.014
—0.522
0.459
—0.570
—0.072
—0.175
0.349
—0.535
0.187
—0.165
—0.302
0.266
0.091
0.445
0.261
—0.422
—0.299
—0.106
—0.331
—0.160
—0.021
—0.379
—0.307
—0.164

—0.008
0.043
—0.095
0.020
—0.286
—0.042
0.367
—0.174
0.085
0.032
0.044
—0.058
—0.164
—0.072
0.112
0.176
0.122
—0.231
—0.076
0.119
—0.023
0.053
0.083
0.158
0.037
0.103
0.145
0.125
0.192
—0.014
0.243
0.261
—0.133
—0.099
0.037
0.014
0.169
0.189
0.065
—0.065
—0.079

0.575
0.559
0.588
0.615
0.584
0.595
0.579
0.570
0.557
0.579
0.604
0.595
0.606
0.521
0.566
0.593
0.568
0.535
0.613
0.586
0.597
0.588
0.570
0.620
0.570
0.562
0.559
0.562
0.629
0.553
0.602
0.577
0.582
0.604
0.582
0.555
0.555
0.591
0.568
0.575
0.609

0.293
0.313
0.338
0.300
0.311
0.304
0.311
0.277
0.291
0.327
0.306
0.306
0.304
0.257
0.300
0.284
0.306
0.304
0.302
0.268
0.336
0.340
0.275
0.338
0.315
0.304
0.333
0.340
0.331
0.275
0.342
0.313
0.280
0.331
0.286
0.286
0.306
0.324
0.293
0.295
0.280

0.009
0.016
0.013
0.020
0.022
0.022
0.022
0.004
0.016
0.036
0.016
0.020
0.022
0.011
0.013
0.022
0.009
0.009
0.011
0.020
0.016
0.022
0.027
0.018
0.013
0.016
0.007
0.013
0.025
0.020
0.018
0.029
0.016
0.013
0.013
0.022
0.022
0.022
0.022
0.022
0.027
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Zoo risk factor

Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x

chesho
aeavol
ear
moms12m
dpia
pchcapx
cdi

rna

pm

ato
chatoia
chpmia
cashpr
sin

rsup
stdcf
absacc
invest
roaq
stdacc

realestate_hxz

pctacc
maxret

ol

ivg

poa

em

cash

HML _Devil
gma

orgcap
BAB

QMJ

hire

gad

ala
HXZ_IA
HXZ_ROE
Intermediary
convind

0.463 1.361
—0.212—-0.656
0.155 0.484
0.358 1.212
0.165 0.571
0.248 0.783
0.017 0.058
0.298 1.032
0.241 0.788
0.505 1.741
—0.123—-0.448
—0.042—0.139
0.024 0.081
0.646 2.051
0.224 0.719
0.208 0.680
—0.135—0.452
0.156 0.541
0.519 1.682
0.201 0.655
0.482 1.525
—0.019—-0.063
0.255 0.844
0.033 0.109
0.220 0.730
—0.415—1.297
—0.404—1.278
—0.273—-0.863
0.145 0.465
—0.333—-1.025
0.006 0.019
0.364 1.250
0.239 0.828
0.040 0.126
0.233 0.785
0.472 1.492
0.286 0.975
0.051 0.164
—0.232—-0.775
0.609 1.962

—0.251
—0.107
0.090
0.189
—0.075
—0.501
—0.329
0.039
0.326
—0.046
0.352
—0.689
0.042
0.087
—0.244
0.001
—0.336
—0.077
—0.390
—0.229
0.203
0.223
0.286
—0.278
—0.153
0.361
0.164
—0.188
—0.384
0.296
0.195
0.135
0.095
—0.664
0.120
—0.574
—0.350
0.189
0.004
—0.638

0.072
—0.009
—0.246

0.113
—0.058
—0.039
—0.173

0.398

0.234

0.031

0.122
—0.158
—0.101
—0.054
—0.112
—0.022

0.065
—0.059
—0.136

0.074

0.221

0.165

0.021

0.064

0.020

0.143
—0.181

0.158
—0.160
—0.178

0.146
—0.101
—0.070
—0.085

0.001

0.220
—0.125

0.302
—0.157

0.065

0.541
0.564
0.584
0.609
0.562
0.575
0.559
0.544
0.626
0.582
0.591
0.600
0.550
0.564
0.564
0.568
0.582
0.562
0.591
0.570
0.579
0.613
0.586
0.521
0.577
0.577
0.604
0.584
0.586
0.577
0.570
0.595
0.559
0.602
0.537
0.611
0.573
0.591
0.624
0.597

0.291
0.277
0.327
0.322
0.291
0.318
0.273
0.271
0.338
0.324
0.284
0.324
0.280
0.298
0.300
0.280
0.298
0.289
0.309
0.277
0.318
0.291
0.304
0.289
0.291
0.273
0.315
0.293
0.306
0.320
0.284
0.275
0.262
0.275
0.293
0.318
0.282
0.327
0.333
0.342

0.038
0.016
0.018
0.013
0.007
0.025
0.022
0.011
0.020
0.011
0.009
0.018
0.016
0.016
0.022
0.020
0.013
0.009
0.022
0.025
0.020
0.016
0.011
0.013
0.016
0.022
0.018
0.031
0.016
0.018
0.016
0.007
0.013
0.025
0.009
0.025
0.013
0.013
0.016
0.022
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Table 9: Zoo Factors with PCA10 bias adjustment. Column 1: OLS estimator of a recession dummy on
pricing test Elt“ff[t (absolute-value t-test), that is, the estimated coefficient § in ]fe\gtt\ = a + Bd; + uy,
where test; = \/N’L?ES\J/SEEHHN and SE;

a dummy equal to one in recession/financial-crisis periods and zero otherwise. Column 2: ¢-ratio of
the OLS coefficient. Column 3: average pricing test E’;‘fﬁt over recession periods. Column 4: average
pricing test over all periods. Columns 5-7: frequency with |¢t| > 1.96, |[t| > 2 x 1.96, and [¢t| > 5 x 1.96,
respectively.

, denotes the standard error (see Theorem ; d; is

Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(]t| > 2 x 1.96) Perc(|t| > 5 x

MktRf —0.077—0.283 0.472 0.317 0.537 0.242 0.007
SMB 0.419 1.599 0.257 0.212 0.463 0.221 0.002
HML 0.232 0.951 0.080 0.248 0.497 0.217 0.000
RMW 0.308 1.210 0.050 0.064 0.535 0.224 0.009
CMA 0.168 0.743 —0.195 0.071 0.492 0.204 0.000
beta 0.453 1.796 0.674 0.276 0.481 0.224 0.000
ep 0.521 2.148 0.638 0.393 0.506 0.228 0.000
dy 0.353 1.506 0.135 0.132 0.510 0.213 0.000
sue 0.562 2.171 0.338 0.073 0.510 0.239 0.004
PpS 0.330 1.292 0.054 0.203 0.519 0.224 0.002
LTR 0.150 0.567 —0.133 —0.063 0.494 0.246 0.004
lev 0.409 1.590 0.276 0.208 0.490 0.242 0.002
cashdebt 0.191 0.677 —0.034 0.136 0.541 0.273 0.004
currat 0.525 2.193 0.452 0.258 0.512 0.217 0.004
pchcurrat 0.347 1.386 0.305 0.180 0.501 0.217 0.002
pchquick 0.251 1.018 0.060 0.195 0.512 0.221 0.007
pchsaleinv —0.259—-0.919 0.630 0.344 0.508 0.277 0.007
quick 0.593 2.281 0.569 0.284 0.488 0.224 0.007
salecash 0.427 1.678 0.473 0.291 0.521 0.215 0.004
saleinv 0.538 2.359 0.118 0.046 0.456 0.228 0.000
salerec 0.210 0.823 1.005 0.360 0.492 0.228 0.004
baspread 0.425 1.711 0.164 0.190 0.494 0.244 0.000
depr 0.425 1.666 0.478 0.258 0.492 0.206 0.009
pchdepr —0.273—1.075 —0.135 —0.036 0.488 0.233 0.004
STR —0.057—0.214 —0.242 0.077 0.517 0.228 0.007
mom6m 0.129 0.471 —0.167 0.183 0.519 0.275 0.009
mom36m 0.234 0.894 0.428 0.135 0.508 0.262 0.000
sgr 0.358 1.525 0.190 0.195 0.530 0.226 0.000
cp 0.417 1.789 0.472 0.141 0.519 0.217 0.000
PO —0.016—0.064 —0.016 0.297 0.521 0.242 0.002
acc —0.022—0.084 0.499 0.268 0.557 0.248 0.007
sp 0.434 1.804 0.657 0.301 0.479 0.215 0.002

Continued on next
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Zoo risk factor

Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x

cto
UMD

turn

0.441 1.717

—0.159—-0.595

0.284 1.176

pchgm_pchsale —0.019—0.071
pchsale_pchinvt—0.500—1.776
pchsale_pchrect 0.371 1.388
pchsale_pchxsga 0.530 1.960

etr

Ife

0s

Z8
pchcapx_ia
nincr
indmom
ps

bm_ia
cfp_ia
chempia
dolvol
std_dolvol
std_turn
adm
rdm

rds

kz

chinv
chtx

ill
LIQ_PS
idiovol
grltnoa
ob_a
grltnoa_hxz
cfp

rd
cinvest
roavol
cinvest_a
noa
dnoa

tb

0.067 0.270
0.375 1.404

—0.087—-0.296

0.390 1.548
0.498 1.897
0.235 0.917
0.061 0.224
0.455 1.817

—0.007—-0.028

0.465 1.816
0.478 1.975
0.293 1.184

—0.092—0.361

0.225 0.922
0.009 0.034
0.843 3.061
0.622 2.462
0.425 1.676

—0.183—-0.728

0.344 1.422
0.317 1.252

—0.034—-0.130

0.434 1.802
0.624 2.411
0.034 0.130
0.574 2.410
0.253 1.005
0.462 1.759
0.266 1.050
0.736 3.059
0.534 2.056
0.224 0.906
0.168 0.635
0.245 0.895

1.037
0.322
0.506
0.242
0.695
—0.180
0.038
0.338
0.410
0.377
0.371
0.231
0.099
0.297
0.373
0.056
0.373
0.320
0.459
0.046
0.208
0.490
0.537
0.860
—0.040
—0.036
0.262
0.263
0.182
0.359
0.062
0.676
0.023
0.366
—0.173
0.202
0.173
0.384
—0.010
0.497
0.514

0.336
0.263
0.259
0.284
0.391
0.019
0.191
0.114
0.217
0.180
0.237
0.275
0.114
0.186
0.209
0.311
0.246
0.274
0.189
0.224
0.185
0.284
0.280
0.219
0.266
0.090
0.197
—0.033
0.134
0.276
0.109
0.375
0.154
0.368
—0.026
0.050
0.183
0.253
0.113
0.304
0.313

0.479
0.517
0.519
0.503
0.510
0.553
0.528
0.519
0.506
0.541
0.506
0.544
0.501
0.523
0.555
0.490
0.528
0.535
0.523
0.499
0.501
0.490
0.539
0.499
0.492
0.517
0.544
0.568
0.517
0.485
0.501
0.526
0.492
0.539
0.506
0.517
0.519
0.535
0.577
0.541
0.501

0.221
0.293
0.215
0.244
0.280
0.244
0.257
0.242
0.248
0.239
0.239
0.266
0.208
0.228
0.277
0.226
0.233
0.224
0.264
0.221
0.215
0.255
0.260
0.224
0.226
0.235
0.260
0.271
0.260
0.246
0.228
0.244
0.201
0.235
0.235
0.268
0.242
0.264
0.242
0.246
0.244

0.000
0.002
0.002
0.004
0.007
0.004
0.011
0.004
0.007
0.011
0.002
0.004
0.002
0.009
0.002
0.009
0.004
0.002
0.000
0.002
0.000
0.002
0.009
0.007
0.000
0.000
0.000
0.004
0.004
0.000
0.002
0.002
0.002
0.002
0.011
0.000
0.000
0.002
0.007
0.007
0.011
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Zoo risk factor

Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x

pricedelay
age

egr

lgr

dcoa
dcol
dwce
dnca
dncl
dnco
dfin

ta

dsti

dinl
egr_hxz
ms
chmom
greapx
retvol
zerotrade
pchcapx3
cei

nef

ndf

nx{

s

herf

WW

roic
tang

op

nop

ndp

ebp
chcsho
aeavol
ear
moms12m
dpia
pchcapx
cdi

0.562 2.231
0.304 1.225
0.017 0.067
0.307 1.334
0.210 0.894
0.186 0.779
0.744 2.985
0.347 1.401
0.264 1.092
0.381 1.637
0.209 0.791
0.201 0.756
0.002 0.008
0.032 0.119
0.004 0.017
0.577 2.146
0.029 0.107
0.209 0.800
0.353 1.422
0.214 0.890
0.282 1.183
—0.111-0.415
0.818 3.420
0.193 0.750
0.584 2.296
0.160 0.635
0.407 1.653
—0.050—0.199
—0.066—0.253
0.299 1.094
0.508 2.102
0.655 2.803
0.229 0.915
0.262 1.051
0.172 0.701
0.639 2.487
0.130 0.483
—0.094—-0.376
0.280 1.168
0.424 1.681
0.251 0.961

0.123
0.301
0.023
—0.392
0.287
0.318
0.389
0.270
—0.458
0.324
0.297
0.504
0.491
0.275
—0.021
0.340
0.143
0.633
0.365
0.301
0.418
0.477
0.631
0.274
1.012
0.240
0.466
0.146
—0.012
0.536
0.571
0.153
0.083
0.326
—0.165
—0.053
0.778
—0.196
0.291
0.581
0.358

0.143
0.195
0.071
0.078
0.164
0.311
0.136
0.091
—0.092
0.097
0.106
0.151
0.366
0.146
0.112
0.172
0.119
0.138
0.207
0.212
0.132
0.344
0.293
0.122
0.342
0.320
0.255
0.101
0.162
0.212
0.325
0.177
0.292
0.246
0.190
0.030
0.318
0.183
0.120
0.214
0.146

0.477
0.523
0.523
0.485
0.468
0.515
0.488
0.515
0.512
0.488
0.474
0.499
0.508
0.553
0.512
0.555
0.539
0.506
0.510
0.515
0.508
0.535
0.436
0.557
0.490
0.506
0.544
0.503
0.510
0.459
0.483
0.445
0.485
0.499
0.456
0.506
0.548
0.510
0.517
0.515
0.546

0.206
0.235
0.226
0.208
0.201
0.219
0.244
0.197
0.204
0.192
0.257
0.219
0.248
0.284
0.237
0.235
0.277
0.257
0.251
0.219
0.233
0.246
0.213
0.284
0.208
0.237
0.268
0.235
0.255
0.217
0.230
0.206
0.239
0.208
0.219
0.235
0.280
0.237
0.217
0.262
0.255

0.002
0.002
0.004
0.002
0.000
0.002
0.002
0.000
0.002
0.000
0.000
0.007
0.004
0.007
0.000
0.004
0.002
0.002
0.000
0.000
0.000
0.002
0.000
0.002
0.004
0.002
0.004
0.002
0.002
0.009
0.000
0.000
0.002
0.000
0.000
0.002
0.004
0.002
0.000
0.000
0.002
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Zoo risk factor

Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > 5 x

rna 0.490 2.034
pm 0.347 1.291
ato 0.269 1.063
chatoia —0.105—0.398
chpmia 0.101 0.373
cashpr 0.111 0.437
sin 0.165 0.599
rsup 0.552 2.070
stdcf 0.059 0.217
absacc 0.423 1.591
invest 0.254 1.060
roaq 0.102 0.372
stdacc —0.081—0.307
realestate_hxz —0.251—0.949
pctacc —0.051—-0.204
maxret 0.355 1.497
ol 0.145 0.551
ivg 0.010 0.040
poa —0.011—-0.045
em 0.378 1.514
cash 0.295 1.174
HML _Devil —0.050—0.205
gma 0.340 1.367
orgcap 0.180 0.718
BAB 0.487 1.937
QMJ 0.352 1.348
hire —0.045—0.198
gad 0.214 0.893
ala 0.374 1.482
HXZ_IA 0.342 1.456
HXZ_ROE —0.006—0.021
Intermediary 0.198 0.781
convind 0.611 2.339

0.193
0.159
0.518
0.242
0.280
0.297
0.193
0.597
0.108
0.267
0.279
0.289
0.123
0.290
—0.124
0.301
0.758
—0.072
—0.098
0.579
0.495
0.233
0.411
0.130
0.367
0.285
0.367
0.302
0.565
0.180
—0.290
0.502
0.184

0.154
0.226
0.196
0.217
0.202
0.364
0.196
0.334
0.136
0.456
0.125
0.167
0.152
0.225
0.201
0.254
0.305
0.225
0.107
0.146
0.320
0.135
0.248
0.119
0.227
0.151
0.204
0.176
0.172
0.105
0.042
0.172
0.266

0.468
0.539
0.459
0.512
0.528
0.492
0.528
0.568
0.530
0.510
0.510
0.523
0.499
0.548
0.546
0.492
0.477
0.528
0.510
0.488
0.499
0.508
0.512
0.479
0.539
0.494
0.483
0.528
0.519
0.503
0.526
0.577
0.517

0.235
0.273
0.248
0.228
0.260
0.226
0.257
0.293
0.253
0.260
0.213
0.266
0.228
0.246
0.206
0.210
0.239
0.233
0.217
0.233
0.215
0.235
0.233
0.221
0.266
0.228
0.206
0.253
0.248
0.206
0.289
0.286
0.262

0.002
0.004
0.002
0.002
0.007
0.002
0.011
0.004
0.007
0.004
0.000
0.004
0.007
0.004
0.002
0.000
0.002
0.004
0.000
0.000
0.004
0.000
0.000
0.002
0.002
0.004
0.000
0.000
0.000
0.000
0.011
0.004
0.009
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Zoo risk factor Coeff t-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(]t| > 2 x 1.96) Perc(]¢|

PCA3 0.376 1.110 2.369 -0.345 0.638 0.351 0.029
PCA5 0.430 1.538 2.369 -0.080 0.582 0.289 0.013
PCA10 0.303 1.232 2.369 0.278 0.521 0.262 0.002

Table 10: PCA1 factor with PCA3, PCA5, and PCA10 bias adjustment - Column 1: OLS estimator
of recession dummy on pricing test L™3% (in terms of absolute value t-test), namely the estimated

t+1[¢

coefficient 8 in |test;| = a + fd; + w;, setting test, = ‘/N’L?isth‘/SEit+1\t where SEj |
standard error (see Theorem [5)) and d; is a dummy variable that takes value one when ¢ is one of the
recession-financial crises periods, and zero otherwise; Column 2 t-ratio of OLS coefficient; Column 3

average pricing test [Z‘ffis‘t (in terms of absolute value t-test) over recession periods; Column 4 average

(in terms of absolute value t-test) over all periods; Column 5 frequency of pricing test

) denotes the

miss

pricing test [N/H”t

D;fﬁt (in terms of absolute value t-test) when bigger 1.96; Column 5 frequency of pricing test [N};‘fﬁt (in
terms of absolute value t-test) when bigger 2 x 1.96; Column 5 frequency of pricing test ffg‘ﬁTt (in terms

of absolute value t-test) when bigger 5 x 1.96.
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12.3 MYV Portfolio - T'=1 - Correct Specification

Table 11: Core Factors. Column 1: OLS estimator of a recession dummy on SNRt_Q,t_Lt, that is, the
estimated coefficient £ in S~Rt 94-1¢ = &+ Bdy + vy (see Theorem [5); d; is a dummy equal to one in
recession/financial-crisis periods and zero otherwise. Column 2: ¢- ratlo of the OLS coefficient. Column
3: average S Ry 941+ over recession periods. Column 4: average SRt 24—1,¢ over all periods.

Zoo risk factor Coeff t-ratio Mean(SR)-crises Mean(SR)-overall

MktRf 0.038 0.281 0.730 0.699
SMB 0.287 2.162 0.949 0.718
HML —0.079—-0.757 0.687 0.758
RMW —0.056—0.416 0.785 0.831
CMA 0.636 2.670 1.417 0.905
UMD —0.064—-0.434 0.756 0.807
beta 0.026 0.146 0.765 0.745
ep —0.096—0.706 0.692 0.770
dy 0.296 1.867 0.998 0.759
sue —0.024—-0.110 0.888 0.907
ps —0.097—-0.783 0.699 0.777
bm._ia 0.173 1.535 0.898 0.759
cfp_ia —0.065—0.492 0.719 0.772
cfp —0.039—-0.124 0.901 0.932
acc 0.211 1.707 0.946 0.776
sgr 0.126 0.964 0.895 0.793
HML _Devil —0.238—1.966 0.615 0.807
BAB —0.144—-0.934 0.936 1.052
QMJ —0.171-0.652 0.903 1.041
Intermediary  0.180 1.510 0.911 0.766
convind —0.334—-1.969 0.542 0.811

Table 12: Investment, profitability, and balance-sheet factors. Column 1: OLS estimator of a recession
dummy on SR, 5 -1, that is, the estimated coefficient 3 in SR, 941+ = @+ fdy+u; (see Theorem '

d; is a dummy equal to one in recession/financial-crisis periods and zero otherwise. Column 2: ¢-ratio of
the OLS coefficient. Column 3: average S Ry 941+ over recession periods. Column 4: average S| R o414
over all periods.

Zoo risk factor Coeff t-ratio Mean(SR)-crises Mean(SR)-overall

lev —0.069—-0.473 0.739 0.794
cashdebt —0.015—0.130 0.741 0.752
currat 0.070 0.600 0.809 0.753

Continued on next page
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Zoo risk factor

Coeff t-ratio Mean(SR)-crises Mean(SR)-overall

pchcurrat —0.114—-0.235
pchquick —0.024—0.187
quick —0.111-0.455
salecash —0.079—-0.817
saleinv 0.078 0.781
salerec 0.001 0.011
cp 0.012 0.105
cto 0.139 1.224
pchsaleinv —0.327—1.806

pchsale_pchinvt—0.396—2.098
pchsale_pchrect 0.096 0.990
pchsale_pchxsga 0.199 1.291

depr 0.139 1.214
pchdepr 0.531 2.861
STR —0.283—2.488
PO —0.274—2.012
indmom 0.210 1.461
nincr —0.035—0.375
chempia 0.163 0.659
cinvest 0.095 0.640
cinvest_a —0.157—1.251
noa —0.050—0.316
dnoa —0.177—1.988
tb 0.245 2.497
age 0.129 1.202
egr —0.037—0.276
lgr 0.047 0.197
dcoa —0.170—1.148
dcol —0.069—0.648
dwce 0.118 0.696
dnca —0.391—-2.169
dncl 0.141 1.435
dnco 0.267 2.019
dfin —0.114—-0.938
ta 0.064 0.541
dfnl 0.262 2.146
greapx 0.097 0.862
pchcapx3 0.081 0.498
invest —0.233—1.994
orgcap 0.098 0.686
tang 0.027 0.188

0.701
0.626
0.686
0.633
0.700
0.728
0.761
0.862
0.546
0.486
0.754
0.883
0.826
1.200
0.575
0.532
0.922
0.585
1.038
0.784
0.621
0.793
0.556
0.867
0.814
0.801
0.900
0.613
0.684
0.921
0.548
0.779
1.050
0.613
0.753
0.980
0.794
0.874
0.605
0.833
0.686

0.793
0.645
0.775
0.697
0.637
0.727
0.751
0.751
0.809
0.805
0.677
0.723
0.714
0.772
0.803
0.753
0.753
0.614
0.906
0.708
0.748
0.833
0.699
0.669
0.710
0.831
0.863
0.750
0.740
0.826
0.863
0.665
0.835
0.705
0.702
0.769
0.716
0.809
0.793
0.753
0.664
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Coeff t-ratio Mean(SR)-crises Mean(SR)-overall

0.112 0.958 0.860 0.769
0.121 0.619 0.947 0.849

Zoo risk factor

nop
HXZ TA

Table 13: Remaining, anomalies, and constraints factors. Column 1: OLS estimator of a recession
dummy on S~Rt_2,t_17t, that is, the estimated coefficient (5 in S~Rt_27t_1,t = o+ fd; + uy (see Theorem ;
d; is a dummy equal to one in recession /financial-crisis periods and zero otherwise. Column 2: ¢-ratio of
the OLS coefficient. Column 3: average S~Rt_2,t_17t over recession periods. Column 4: average S~Rt_2,t_17t
over all periods.

Zoo risk factor Coeff t-ratio Mean(SR)-crises Mean(SR)-overall

pps 0.016 0.084 0.843 0.831
etr —0.118—0.819 0.657 0.752
Ife 0.007 0.041 0.710 0.704
0s —0.034—0.201 0.821 0.848
z8 —0.200—1.105 0.669 0.831
pchcapx_ia 0.016 0.152 0.697 0.684
kz —0.059—-0.359 0.793 0.841
chinv 0.135 0.797 0.971 0.862
chtx —0.182—1.525 0.581 0.728
grltnoa —0.139—-0.871 0.737 0.849
ob_a —0.012—0.124 0.724 0.734
grltnoa_hxz —0.377—2.126 0.564 0.867
rdm —0.060—0.244 0.909 0.958
rds —0.239—-2.119 0.487 0.679
ms 0.094 0.573 0.984 0.908
cei —0.361—-0.704 0.692 0.983
nef 0.161 0.724 0.928 0.798
ndf —0.057—-0.477 0.614 0.660
nxf —0.027—0.299 0.669 0.691
IS —0.093—0.735 0.645 0.720
herf 0.127 1.120 0.865 0.763
WW 0.147 0.946 0.913 0.795
roic —0.091—-0.844 0.735 0.808
op 0.318 2.156 1.049 0.793
ndp —0.079—0.526 0.711 0.774
ebp —0.354—0.720 0.683 0.968
chesho 0.061 0.548 0.758 0.709
aeavol 0.020 0.149 0.704 0.688
ear —0.219-2.075 0.447 0.623
dpia —0.223—1.821 0.612 0.792
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Zoo risk factor Coeff t-ratio Mean(SR)-crises Mean(SR)-overall

pchcapx
cdi

rna

pm

ato
chatoia
chpmia
cashpr
sin

rsup
stdcf
absacc
realestate_hxz
pctacc
maxret
ol

ivg

poa

em

cash
gma
hire

gad

ala
HXZ_ROE

—0.011—-0.082
0.115 0.948
0.011 0.087

—0.155—1.198

—0.175—1.154
0.126 1.080

—0.146—1.044
0.050 0.516

—0.144—-0.800
0.345 2.526

—0.107—1.225
0.179 1.875
0.071 0.577
0.069 0.706
0.059 0.413

—0.061—-0.396

—0.020—0.178

—0.359—-0.729
0.193 1.331

—0.026—0.212
0.253 2.004
0.016 0.131

—0.035—0.269
0.083 0.823

—0.364—1.108

0.757
0.801
0.768
0.673
0.610
0.860
0.598
0.736
0.712
1.108
0.603
0.781
0.908
0.746
0.742
0.759
0.754
0.572
0.911
0.699
0.973
0.806
0.639
0.741
0.629

0.766
0.709
0.759
0.799
0.751
0.758
0.715
0.696
0.828
0.830
0.690
0.637
0.851
0.690
0.694
0.809
0.770
0.861
0.755
0.721
0.770
0.793
0.667
0.674
0.921

Table 14: Joint ranking of zoo risk factors by pricing-test significance and Sharpe ratio. Column 2
reports the rank of each factor based on the percentage of periods in which the corresponding risk
premium pricing test is significant at the 5% level (smaller rank = more often significant). Column 3
reports the rank of each factor based on its Sharpe ratio over all periods (smaller rank = higher Sharpe
ratio).

Zoo risk factor Rank (pricing test) Rank (Sharpe ratio)

BAB 1 2
pchsaleinv 2 41
dncl 3 114
UMD 5 17
herf 6 5
pchcapx 7 91
ol 8 40

Continued on next page
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Zoo risk factor

Rank (pricing test) Rank (Sharpe ratio)

pchsale_pchinvt
cinvest
HML _Devil
LTR
indmom
dnoa
roaq
HML

ill

dnco
cashdebt
salecash
saleinv
depr
cinvest_a
pricedelay
dfnl

ms

tang
aeavol
absacc
salerec
pchcapx3
moms12m
gma
orgcap
quick
mom©b6m
rds
grltnoa
chpmia
poa

ep

nincr
ob_a

age

cdi

currat
pchcurrat
pchquick
etr

9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49

92
140
32
75
111
53
50
9
148
11
81
109
144
107
61
100
80

141
134
137
65
94
72
88
67
110
83
120
35
103
115
84
122
49
59
99
96
145
139
117
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Zoo risk factor

Rank (pricing test) Rank (Sharpe ratio)

ps
cfp_ia

chinv

ndf

ear

chatoia
cash

acc

cto
pchsale_pchxsga
rdm

chtx
grltnoa_hxz
noa

th

dnca

dsti

stdcf

SMB
RMW

STR

cp

0s

chempia
adm

rna

gad

ala

convind

sue

pps
mom36m
Sp
pchsale_pchrect
pchcapx_ia
dolvol

ato

ivg

QMJ
HXZ_ROE
Intermediary

20
51
52
53
54
55
56
o7
58
99
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90

25
21
12
127
129
36
128
70
27
104
37
105
48
14
131
13
106
26
102
46
22
55
44
23
20
86
138
101
28
119
31
56
10
97
116
147
113
24
4
54
85
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Zoo risk factor

Rank (pricing test) Rank (Sharpe ratio)

pchgm_pchsale
std_turn
dcoa
dfin

ta

nxf
chcsho
sin

em

sgr

1IPO

ZS

bm_ia
std_dolvol
stdacc
MktRf
LIQ_PS
rd

dwce

roic

ndp
maxret
dy

Ife

kz
egr_hxz
cei

ebp
rsup
invest
pctacc
CMA
pchdepr
cip
roavol
chmom
greapx
nef

dpia
realestate_hxz
HXZ_IA

91

92

93

94

95

96

97

98

99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131

132
123
60
126
133
93
121
7
38
58
89
o1
79
112
108
136
69
87
15
3
76
130
73
146
18
33
42
o7
34
64
39
16
125
52
47
63
62
71
66
7
74
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Zoo risk factor Rank (pricing test) Rank (Sharpe ratio)

beta 132 118
lev 133 90
baspread 134 143
egr 135 43
lgr 136 29
dcol 137 19
WW 138 95
cashpr 139 78
turn 140 135
zerotrade 141 142
nop 142 45
idiovol 143 68
pm 144 8
hire 145 98
s 146 82
op 147 30
retvol 148 124
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12.4 MYV Portfolio - T'=1 - Misspecification

Table 15: Ranking of Sharpe ratios for zoo risk factors with and without PCA bias adjustment. Column
2 reports the rank of each factor’s Sharpe ratio over all periods using the baseline zoo specification.
Columns 3-5 report the corresponding ranks when Sharpe ratios are computed after PCA3, PCAS5, and
PCA10 bias adjustments, respectively (larger rank = higher Sharpe ratio).

Zoo risk factor Rank (SR, zoo) Rank (SR, zoo+PCA3) Rank (SR, zoo+PCA5) Rank (SR, zoo+PCA10)

ill 148 140 71 23
dolvol 147 70 1 75
Ife 146 34 74 35
pchcurrat 145 89 92 130
saleinv 144 68 30 8
baspread 143 62 40 5
zerotrade 142 88 11 1
tang 141 77 26 7
cinvest 140 82 53 50
pchquick 139 107 84 110
gad 138 79 58 12
absacc 137 76 61 52
MktRf 136 84 43 138
turn 135 116 34 10
aeavol 134 71 2 28
ta 133 52 5 66
pchgm _pchsale 132 11 48 39
th 131 135 138 63
maxret 130 113 12 2
ear 129 28 126 83
cash 128 22 16 30
ndf 127 83 50 47
dfin 126 86 73 37
pchdepr 125 96 6 97
retvol 124 64 52 11
std_turn 123 10 13 6
nincr 122 97 14 38
chcsho 121 131 119 46
rds 120 12 83 133
sue 119 91 63 36
beta 118 50 38 24
etr 117 25 17 16
pchcapx_ia 116 2 140 111
poa 115 24 41 88

Continued on next page

105



Zoo risk factor

Rank (SR, zoo) Rank (SR, zoo+PCA3) Rank (SR, zoo+PCA5) Rank (SR, zoo+PCA10)

dncl

ato
std_dolvol
indmom
quick
salecash
stdacc
depr

dsti

chtx
pchsale_pchxsga
chpmia
SMB

ala
pricedelay
cdi

hire
pchsale_pchrect
currat

WwW
pchcapx3
nxf
pchsale_pchinvt
pchcapx
lev

IPO

gma

rd

rna
Intermediary
ep
mom6m
s
cashdebt
dfnl
bm_ia
cashpr

sin

ndp

LTR

HXZ TA

114
113
112
111
110
109
108
107
106
105
104
103
102
101
100
99
98
97
96
95
94
93
92
91
90
89
88
87
86
85
84
83
82
81
80
79
78
77
76
75
74

)
133
74
19
54
110
43
134
81
127
38
75
27
102

41
20
121
118
17
95
147
44
72
42
32
142

143
93
60
15

122
85

115
33
o8
69

129

93

96
47
132
80
116
25
23
36
109
136
130
137

42
127
35
128
95
139
99
114
72
135
97
122
76
62
37
91

20

146
44
103
32
24
27
66

104

125
31
40
43
29
90

4
56
78
59
41
74
27
20
98

141
68
21
13
48
14
25

112

107

109
92
99
67

113

51
22
79
127
108
84
116
93
64
32
70
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Zoo risk factor

Rank (SR, zoo) Rank (SR, zoo+PCA3) Rank (SR, zoo+PCA5) Rank (SR, zoo+PCA10)

dy
moms12m
nef

acc
LIQ_PS
idiovol
orgecap
dpia
salerec
invest
chmom
greapx
cinvest_a
dcoa

age

sgr

ebp
mom36m
cp
HXZ_ROE
dnoa

cfp

Z8

roaq
ob_a
grltnoa_hxz
roavol
RMW
nop

0s

egr

cei
pchsaleinv
ol

pctacc
em

rdm
chatoia
grltnoa
rsup
egr_hxz

73
72
71
70
69
68
67
66
65
64
63
62
61
60
99
58
o7
56
95
54
93
52
51
50
49
48
47
46
45
44
43
42
41
40
39
38
37
36
35
34
33

117
120
94
109
101
146
99
18
26
47
45
66
100
31
29
119
40
95
104
106
136
103
o6
46

65
99
78
137
144
73
90
13
124
49
35
14
138
114
112
67

7
93
95
70
56
45
82
99
o7

106
75
102
19
7
21
118
87
105
10
29
129
78
81
51
90
100
33
18
64
94
79
111
121
31
133
120
112
110
89
69
124

15
69
19
65
89
55
96
126
61
124
76
18
49
77
26
58
105
128
85
142
102
114
82
100
140
122
45
123
44
91
121
134
103
80
73
86
145
131
104
71
54
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Zoo risk factor Rank (SR, zoo) Rank (SR, zoo+PCA3) Rank (SR, zoo+PCA5) Rank (SR, zoo+PCA10)

HML _Devil 32 61 28 62
pps 31 130 22 42
op 30 145 67 33
lgr 29 16 88 81
convind 28 23 107 53
cto 27 139 60 132
stdcf 26 98 15 3
ps 25 87 123 57
ivg 24 92 131 95
chempia 23 7 145 101
STR 22 51 134 136
cfp_ia 21 37 49 17
adm 20 123 113 118
dcol 19 80 108 34
kz 18 141 142 117
UMD 17 105 86 143
CMA 16 36 85 120
dwc 15 57 98 60
noa 14 111 141 94
dnca 13 48 144 137
chinv 12 39 39 115
dnco 11 108 101 106
Sp 10 21 143 146
HML 9 125 68 72
pm 8 1 117 129
realestate_hxz 7 63 115 144
ms 6 30 65 119
herf 5 4 125 87
QMJ 4 128 54 135
roic 3 132 46 139
BAB 2 126 148 148
RF 1 148 147 147
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12.5 Cross-Sectional Models When T = r
12.5.1 Cross-Sectional Models When T = r: Latent

Table 16: Latent Multi-Factor Models: Column 1: OLS estimator of a recession dummy on LS?RLTJ,

that is, the estimated coefficient § in 5:7%1 1t = a+ Bd; + u; (see Section ; dy is a dummy equal to
one in recession/financial-crisis periods and zero otherwise. Column 2: t- ratlo of the OLS coefficient.

Column 3: average ST Ry.p, over recession periods. Column 4: average ST Ry.74 over all periods.

Multi-factor model Coeff t-ratio Mean(SR)-crises Mean(SR)-overall

PCA3 —1.838—-5.429 —0.113 0.287
PCA5 —0.817—-3.288 —0.303 0.361
PCA10 —1.776—5.961 —0.730 0.698

Table 17: Latent Multi-Factor Models: Column 1: OLS estimator of a recession dummy on pricin

test Lg_‘fl’i”t (absolute-value t-test), that is, the estimated coefficient § in |7§3\5Jtt\ = « + fdy + uy, whet

test, = VN ]Lfflr‘t\ /SE; and SE;  denotes the standard error (see Theorem ; d; is a dumm

t+1t’ t+1t
equal to one in recession/financial-crisis periods and zero otherwise. Column 2: t-ratio of the OL
coefficient. Column 3: average pricing test Lfflrlt over recession periods. Column 4: average pricing tes

over all periods. Columns 5-7: frequency with |¢| > 1.96, || > 2 x 1.96, and |¢t| > 5 x 1.96, respectivel;

Multi-factor model Coeff ¢-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > !

PCA3 0.270 0.794 0.310 —0.314 0.638 0.351 0.02
PCA5 —0.326—1.289 0.317 0.212 0.582 0.289 0.01
PCA10 —0.326—1.289 0.329 0.546 0.521 0.262 0.00

12.5.2 Cross-Sectional Models When 7T = r: Observed

Table 18: Observed multi-factor models. Column 1: OLS estimator of a recession dummy on §R1:T,t+1,

that is, the estimated coefficient § in 57%1 141 = @+ Bdy +u, (see Section ; dy is a dummy equal to
one in recession/financial-crisis periods and zero otherwise. Column 2: ¢- ratlo of the OLS coefficient.

Column 3: average Sh Ry.7441 over recession periods. Column 4: average Sh Ri.7441 over all periods.

Multi-factor model Coeff t-ratio Mean(SR)-crises Mean(SR)-overall

FF3 —0.595—3.006 —0.009 0.471
FF5 —1.099—-3.054 —0.456 0.436
FF5+MOM —1.464—4.410 —0.442 0.750
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Table 19: Observed Multi-Factor Models: Column 1: OLS estimator of a recession dummy on pricin
test L9 (absolute-value t-test), that is, the estimated coefficient 5 in |test;| = a + pd; + u;, whe

t+1e \@
test, = VN |L§;CIT§I\/SEZHW, and SEj,

equal to one in recession/financial-crisis periods and zero otherwise. Column 2: ¢-ratio of the OL
coefficient. Column 3: average pricing test L;’jrcl“’fr over recession periods. Column 4: average pricin
test over all periods. Columns 5-7: frequency with [t| > 1.96, [t| > 2 x 1.96, and [t| > 5 x 1.9

respectively.

. denotes the standard error (see Theorem ; d; is a dumm

Multi-factor model Coeff ¢-ratio Mean(t)-crises Mean(t)-overall Perc(|t| > 1.96) Perc(|t| > 2 x 1.96) Perc(|t| > !

FF3 0.354 1.528 0.317 —0.049 0.400 0.161 0.00
FF5 0.004 0.021 0.325 —0.129 0.300 0.094 0.00
FF5+MOM —0.001-0.002 0.329 —0.079 0.347 0.105 0.00
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