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Are Characteristics Covariances or Characteristics? 

 
 

Abstract 
 
In this article, we shed more light on the covariances versus characteristics debate by 
investigating the explanatory power of the instrumented principal component analysis (IPCA), 
recently proposed by Kelly et al. (2019). They conclude that characteristics are covariances 
because there is no residual return predictability from characteristics above and beyond that in 
factor loadings. Our findings indicate that there is no residual return predictability from factor 
loadings above and beyond that in characteristics either. In particular, we find that stock returns 
are best explained by characteristics (characteristics are characteristics) and that a one-factor 
IPCA model is sufficient to explain stock risk (characteristics are covariances). We therefore 
conclude that characteristics are covariances or characteristics, depending on whether the goal is 
to explain stock returns or risk. 

JEL-Codes: C230, G110, G120. 
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1 Introduction

Recently, Kelly et al. (2019) introduced the instrumented principal component analysis (IPCA),

a powerful method that provides a formal statistical bridge between characteristics and expected

returns. The IPCA follows the equilibrium asset pricing principle in describing returns by a factor

model. The novelty of this approach is that observable asset characteristics serve as instrumental

variables for latent conditional factor loadings, allowing the consistent recovery of factor loadings

and factors from asset characteristics.

The IPCA helps determine the characteristics that provide independent information about av-

erage stocks returns. Among others, McLean and Pontiff (2016), Harvey et al. (2016) and Green

et al. (2017) provide an overview of hundreds of characteristics appearing in the literature to explain

the cross-section of stock returns. Given the high dimensionality, Cochrane (2011) asks which char-

acteristics really provide independent information about average returns and which characteristics

are subsumed by others. By choosing a few linear combinations of characteristics that are the most

informative about average returns, the IPCA builds a dimension reduction directly into the model

and therefore contributes to one of the most important challenges in empirical asset pricing. Kelly

et al. (2019) find that ten of 36 stock characteristics are statistically significant at the 1% level in

their sample.

Moreover, another research area at the heart of modern empirical asset pricing to which the

IPCA contributes is the covariances versus characteristics debate. This research area, initiated by

Daniel and Titman (1997) and Davis et al. (2000), directly compares stock characteristics and factor

loadings in terms of their ability to explain differences in average returns. According to Lin and

Zhang (2013), the majority of empirical studies in the covariances versus characteristics literature

have shown that characteristic models dominate risk models in horse races. However, this finding

might be due to the unobservability of factors and factor loadings, which means that they must

be estimated while stock characteristics can be observed. A common approach taken by Fama and

French (1993), Carhart (1997) and Fama and French (2015), among others, is to pre-specify factors

empirically. Another approach is to use factor analytic techniques and simultaneously estimate

factors and static factor loadings (Chamberlain and Rothschild (1983) and Connor and Korajczyk

(1986)). By mapping between observable characteristics and factor loadings, the IPCA bypasses

many of the shortcomings of the noted approaches and offers a new framework to disentangle risk
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from mispricing.

In addition to describing returns by a factor model, the IPCA allows considering an intercept

or alpha that accounts for a characteristic-based return phenomenon unrelated to risk. This speci-

fication is called an unrestricted IPCA model, while the model accounting for return compensation

related to risk only is called a restricted IPCA model. Comparing the performance of the unre-

stricted and restricted IPCA models allows disentangling risk from mispricing. Kelly et al. (2019)

find that the unrestricted IPCA model is not able to outperform the restricted IPCA model and

therefore conclude that there is no residual return predictability from characteristics above and

beyond that in factor loadings.

In this paper, we show that some of the conclusions derived from the IPCA in Kelly et al.

(2019) might be premature. We introduce a second restricted IPCA model that allows only for a

characteristic-based return phenomenon unrelated to risk. We find that all three IPCA models, the

unrestricted and the two restricted IPCA models, exhibit the same performance. We argue that

this is because the restricted IPCA model allowing only for risk-based compensation is not fully

capable of eliminating a possible non-risk-based compensation, and vice versa. The only model

capable of disentangling a risk-based from a non-risk-based return compensation is the unrestricted

IPCA model. Therefore, we sort stocks on the expected returns from the three IPCA models, and

in the case of the unrestricted IPCA model, we also sort stocks on expected returns resulting from

both a risk-based and a non-risk-based compensation. Our results reveal that most, if not all, of

the explanatory power of the unrestricted IPCA model is driven by a return phenomenon that

is unrelated to risk. In terms of the covariances versus characteristics debate, we conclude that

characteristics are characteristics, not covariances. While characteristics are sufficient to explain

the cross-section of average stock returns, we also show that a one-factor IPCA model is sufficient

to explain the average risk in stock returns. Therefore, characteristics act as characteristics in

describing returns, and characteristics act as covariances in describing risk.

Another notable finding of our analyses is that the IPCA models are capable of producing a

large spread in risk and return. With regard to returns, the monthly spread produced by the IPCA

models is approximately 1.5% larger than the largest spread reported by Lewellen (2015) using

cross-sectional regressions and approximately 0.8% larger than the largest spread reported by Gu

et al. (2020) using machine learning models. Compared with cross-sectional regressions or machine

learning models, the unrestricted IPCA is also able to disentangle risk and returns or, in other
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words, to identify stocks that promise high returns (high non-risk-based compensation) and low

risk (low risk-based compensation).

The remainder of this paper is structured as follows. In the next section, we outline our data

and IPCA models. In Section 3, we report our empirical findings; Section 4 concludes.

2 Data and Method

2.1 Data

To allow for a comparison of our results, we use the same data as Kelly et al. (2019). Kelly et al.

(2019) use stock returns and characteristics provided by Freyberger et al. (2017). More specific,

they use 36 characteristics from 12,813 unique stocks on NYSE, Amex, and Nasdaq between July

1962 and May 2014. The data come from the Center for Research in Security Prices (CRSP)

and the Standard and Poor’s Compustat database. The 36 characteristics are market beta (Frazz-

ini and Pedersen (2014)), assets-to-market (Bhandari (1988)), total assets (Gandhi and Lustig

(2015)), sales-to-assets (Soliman (2008)), book-to-market (Rosenberg et al. (1985)), cash-to-short-

term-investment (Palazzo (2012)), capital turnover (Haugen and Baker (1996)), capital intensity

(Gorodnichenko and Weber (2016)), ratio of change in property, plants and equipment to change in

total assets (Lyandres et al. (2008)), earnings-to-price (Basu (1983)), fixed costs-to-sales (D’Acunto

et al. (2018)), cash flow-to-book (Hou et al. (2011)), idiosyncratic volatility with respect to the

Fama and French (1993) three-factor model (Ang et al. (2006)), investment (Cooper et al. (2008)),

leverage (Lewellen (2015)), market capitalization (Fama and French (1992)), turnover (Datar et al.

(1998)), net operating assets (Hirshleifer et al. (2004)), operating accruals (Sloan (1996)), op-

erating leverage (Novy-Marx (2011)), price-to-cost margin (Bustamante and Donangelo (2017)),

profit margin (Soliman (2008)), gross profitability (Ball et al. (2015)), Tobin’s Q (Freyberger et al.

(2017)), price relative to its 52-week high (George and Hwang (2004)), return on net operating

assets (Soliman (2008)), return on assets (Balakrishnan et al. (2010)), return on equity (Haugen

and Baker (1996)), momentum (Fama and French (1996)), intermediate momentum (Novy-Marx

(2012)), short-term reversal (Jegadeesh (1990)), long-term reversal (de Bondt and Thaler (1985)),

sales-to-price (Lewellen (2015)), the ratio of sales and general administrative costs to sales (Frey-

berger et al. (2017)), bid-ask spread (Chung and Zhang (2014)), and unexplained volume (Garfinkel
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(2009)). Stock i is only included in month t if all characteristics are available. Freyberger et al.

(2017) provide further details and summary statistics on the data.

2.2 Method

The restricted IPCA specification as introduced by Kelly et al. (2019) is

ri,t+1 = βi,tft+1 + ε∗i,t+1, (1)

βi,t = z′i,tΓβ + vβ,i,t,

where βi,t is the factor loadings of stock i at time t on a K-vector of latent factors, ft+1. Central

to the IPCA is that the factor loadings are described by linear combinations of firm characteristics.

The term Γβ defines the mapping of firm characteristics z′i,t to factor exposures βi,t. In the restricted

IPCA model, stock returns ri,t+1 are only allowed to compensate for exposure to latent risk factors.

In addition to compensating for exposure to latent risk factors, the unrestricted IPCA specification

allows for a residual return from characteristics above and beyond that in factor loadings. The

unrestricted IPCA specification is

ri,t+1 = αi,t + βi,tft+1 + εi,t+1, (2)

αi,t = z′i,tΓα + vα,i,t, βi,t = z′i,tΓβ + vβ,i,t,

where βi,tft+1 is compensation for exposure to latent risk factors and αi,t is return from characteris-

tics above and beyond that in factor loadings. Comparing the performance of the restricted and the

unrestricted IPCA model allows testing whether a characteristic- or behavioral-based return phe-

nomenon beyond a risk- or rational-based return phenomenon exists. In case the unrestricted IPCA

model does not outperform the restricted IPCA model, there is no residual return predictability

from characteristics above and beyond that in factor loadings. In addition to the aforementioned

IPCA models considered in Kelly et al. (2019), we incorporate another restricted IPCA specifica-

tion that allows only for a characteristic-based return phenomenon unrelated to risk. Our second

restricted IPCA specification is

ri,t+1 = αi,t + ε∗∗i,t+1, (3)

αi,t = z′i,tΓα + vα,i,t.
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In this IPCA specification, stock returns are only allowed to be a compensation unrelated to risk.

Therefore, in comparison with the unrestricted IPCA specification, the restricted IPCA specification

allows us to test whether there is any return predictability from factor loadings above and beyond

a characteristics- or behavioral-based return phenomenon unrelated to risk. In the following, we

denote the restricted IPCA model only allowing for a risk-based explanation by Γα=0,Γβ 6=0, the

restricted IPCA model only allowing for a non-risk-based explanation by Γα6=0,Γβ=0, and the

unrestricted IPCA model by Γα6=0,Γβ 6=0.

Daniel and Titman (1997), Brennan et al. (1998), Davis et al. (2000) and Daniel et al. (2001)

directly compare stock characteristics (behavioral-based explanation) with factor loadings (covari-

ances, rational-based explanation) on their ability to explain differences in average returns. Ac-

cording to Kelly et al. (2019), the behavioral-based explanation and the rational-based explanation

can also be disentangled by comparing the performance of the IPCA models. To make the IPCA

models comparable, the estimation of Γα, Γβ , and ft+1 must rely on information that is available at

time t. Therefore, in every month t ≥ 120, we use all data through t to estimate the IPCA models

and denote the resulting backward-looking parameter estimates Γ̂α,t and Γ̂β,t. To determine ft+1

without any information beyond time t, we use the factor mean through t, denoted by λ̂t. The

“predictive R2’s [sic]” of the three IPCA models are

R2
Γα=0,Γβ 6=0

= 1 −
∑
i,t(ri,t+1 − z′i,tΓ̂β,tλ̂t)

2∑
i,t r

2
i,t+1

, (4)

R2
Γα 6=0,Γβ=0

= 1 −
∑
i,t(ri,t+1 − z′i,tΓ̂α,t)

2∑
i,t r

2
i,t+1

, (5)

and

R2
Γα 6=0,Γβ 6=0

= 1 −
∑
i,t(ri,t+1 − z′i,t(Γ̂α,t + Γ̂β,tλ̂t))

2∑
i,t r

2
i,t+1

. (6)

The R2s provide information about the fraction of volatility explained by the IPCA models

and represent statistical measures on the explanatory power of the models. For a more economical

perspective on the explanatory power of the expected returns from the IPCA models, we compare

the expected and realized returns using expected-return-sorted portfolios. Furthermore, in the case

of the unrestricted IPCA specification, we can decompose the models’ total explanatory power

(z′i,t(Γ̂α,t+Γ̂β,tλ̂t)) into a behavioral pricing component (z′i,tΓ̂α,t) and a rational pricing component

(z′i,tΓ̂β,tλ̂t) and analyze them separately.
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Moving beyond the analysis of Kelly et al. (2019), we test the models’ ability to explain risk.

Specifically, for the unrestricted IPCA specification and the restricted IPCA specification allowing

for factor loadings only, we estimate the variance-covariance matrix of returns as∑
r,t

= (z′tΓ̂β,t)
∑

f,t
(z′tΓ̂β,t), (7)

where
∑
r,t is the NxN variance-covariance matrix between the returns on assets i and j at time

t, z′tΓ̂β,t is an NxK matrix of factor loadings, and
∑
f,t is the KxK variance-covariance matrix

between the returns on the K factors. To determine
∑
f,t without any information beyond time

t, we use the factor covariances through t. In the subsequent section, we analyze the three IPCA

models in terms of their ability to explain differences in average returns and risks.

3 Results

3.1 Characteristics Explain Returns

We begin our analyses by replicating some of the results reported in Kelly et al. (2019). Kelly

et al. (2019) report out-of-sample total R2s and predictive R2s of the restricted IPCA models with

respect to individual stocks and characteristic-managed portfolios for K = 1, ..., 6 factors.1 The

first row of Table 1 replicates the out-of-sample predictive R2s of the restricted IPCA models with

respect to individual stocks. We obtain the same results as Kelly et al. (2019).

We extend the results reported in Kelly et al. (2019) in row two of Table 1 and report the

out-of-sample predictive R2s of the unrestricted IPCA models. We find that for lower numbers of

factors, unrestricted models outperform restricted models. As the number of factors increases, the

gap between restricted and unrestricted models shrinks. These results are similar to the in-sample

results Kelly et al. (2019) report in their Table 1.2 They conclude that five IPCA factors and the

restricted IPCA specification are sufficient to explain the cross-section of average stock returns.

This means that there is no residual return predictability from characteristics above and beyond

that in factor loadings and that characteristics are in fact covariances.

1See Table 5 in Kelly et al. (2019).
2Their out-of-sample analysis takes only the restricted IPCA specification into consideration. This is because they

find small and statistically nonsignificant characteristic-associated anomaly intercepts in their in-sample analysis.

They therefore reject the unrestricted models in favor of the restricted models.
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-Table 1 around here-

To shed more light on this question, we perform additional analyses. In addition to the unre-

stricted IPCA specification (Γα6=0 and Γβ 6=0) and the restricted IPCA specification (Γα=0 and Γβ 6=0)

considered in Kelly et al. (2019), our analysis incorporates a second restricted IPCA specification

(Γα6=0 and Γβ=0), which does not allow compensating for exposure to latent risk factors. Rather, it

only allows for a characteristic-based return phenomenon without risk. We determine the predic-

tive R2 of this specification and compare it with the other IPCA specifications. As Table 1 shows,

the restricted IPCA specification in Kelly et al. (2019) that allows for “covariances-compensation”

only is not able to outperform a restricted IPCA specification that allows for “characteristics-

compensation” only (K = 0).3 A conclusion that there is no residual return predictability from

characteristics above and beyond that in factor loadings might therefore be premature. Given our

results, it could also be argued that there is no residual return predictability from factor loadings

above and beyond that in characteristics.

In the following analysis, we compare the expected and actual returns based on expected-return-

sorted portfolios from the three IPCA specifications. Panel A of Table 2 reports the results of sorts

on the expected returns from the restricted IPCA specification allowing for alpha but not for factor

loadings. We find that the average realized value-weighted portfolio returns (column “Avg”) align

well with the predicted returns (column (“Pred”)) and that the spread of 3.36% per month is

impressively high and left unexplained by the Fama and French (2015)’s five-factor model (column

“Alpha” and row “pVal(H-L)”). Furthermore, we find a U-shaped relation between realized returns

and volatility (column “Std”).

Panel B of Table 2 reports the results of sorts on the expected returns from the unrestricted

IPCA specification. We find that the results are similar to those reported in Panel A, which

implies that when alpha (characteristics-compensation) is considered in the IPCA model, there is

little improvement by taking factor loadings (covariances-compensation) into consideration. By

contrast, an increasing number of IPCA factors seem to slowly decrease the spread in portfolio

returns, meaning that the explanatory power of the model decreases. This can also be observed

in out-of-sample predictive R2s reported in Table 1 or in the in-sample predictive R2s reported in

Table 1 in Kelly et al. (2019).

3In unreported estimations, this finding also holds in in-sample analyses. The results are available on request.
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Panel C of Table 2 reports the results of sorts on the expected returns from the restricted IPCA

specification allowing for factor loadings but not for alpha. We find that the spread in portfolio

returns increases with an increasing number of IPCA factors but remains below the return spreads

reported in Panels A or B. Again, this can also be observed in the out-of-sample predictive R2s

reported in Table 1 or in the in-sample predictive R2s reported in Table 1 in Kelly et al. (2019).

The in-sample R2s reported in Table 1 in Kelly et al. (2019), the out-of-sample R2s reported in

our Table 1, and our expected-return-sorted portfolios in Table 2 all show that increasing the number

of IPCA factors increases the explanatory power of the restricted IPCA specification allowing for

factor loadings only and decreases the explanatory power of the unrestricted IPCA specification.

These developments seem to converge to a similar explanatory power of both specifications when

five IPCA factors or more are incorporated. Therefore, abandoning the characteristics-based story

in favor of a factor loadings-based story seems to be invalid. Moreover, it is noteworthy to point

out the astonishing predictive power of the IPCA models. All three models are able to produce a

spread of more than 3% in average portfolio returns. This is approximately 1.5% larger than the

largest spread reported by Lewellen (2015) using linear models and 0.8% larger than the largest

spread reported by Gu et al. (2020) using machine learning models.

-Table 2 around here-

To further compare the performance of the characteristics-based story with the factor loadings-

based story, we cross-sectionally orthogonalize the expected returns from the unrestricted IPCA

specification and from the restricted IPCA specification allowing for factor loadings but not for

alpha by the expected returns from the restricted IPCA specification allowing for alpha only. Panel

A of Table 3 reports average portfolio returns from the sorts on the orthogonalized expected returns

of the two models. We find that no specification produces a non-zero spread in portfolio returns,

which is statistically significant. This means that there is no explanatory power in these IPCA

specifications above and beyond a characteristics-based return phenomenon unrelated to risk. In

addition, we orthogonalize the expected returns from all three IPCA specifications by the expected

returns from the restricted IPCA specification with six factors allowing for factor loadings only.

Panel B of Table 3 reports average portfolio returns from sorts on the orthogonalized expected

returns of the three models. We find that the restricted IPCA specifications allowing for factor

loadings only are not able to produce a non-zero spread in average portfolio returns. However, the
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unrestricted IPCA specifications and the restricted IPCA specification allowing for alpha only still

produce a spread in average portfolio returns, which is statistically significantly different from zero.

This means that the IPCA specifications allowing for alpha can compensate the explanatory power

of the IPCA specifications allowing for factor loadings only, but not vice versa.

-Table 3 around here-

So far, our results have shown that the restricted IPCA specification allowing for alpha only

exhibits the highest explanatory power. However, it could be argued that when no factor loadings

are taken into consideration, the alpha accounts for both a characteristic-based return phenomenon

unrelated to risk and a characteristic-based return phenomenon related to risk because the model

is not able to distinguish between these explanations. This also holds for the restricted IPCA

specification allowing for no alpha. We therefore further examine the unrestricted IPCA models

and disentangle the characteristics-compensation and the covariances-compensation.

The expected return from the unrestricted IPCA model at time t is z′i,t(Γ̂α,t+Γ̂β,tλ̂t) and can be

decomposed into the expected return from characteristics without any relation to risk (z′i,tΓ̂α,t) and

into the expected return from covariances (z′i,tΓ̂β,tλ̂t). We compare the expected and actual returns

based on expected-return-sorted portfolios from the unrestricted IPCA models and differentiate

between the characteristics-compensation and the covariances-compensation. Table 4 reports the

results of this analysis and reveals that the spread produced in portfolio returns from characteristics-

compensation is two to three times the spread produced by covariances-compensation (depending

on K). The return spread produced from the characteristics-compensation is almost similar to the

return spread produced by the entire unrestricted IPCA model reported in Table 2. This means

that taking factor loadings into consideration does not improve the models’ performance, or in

other words, the characteristics do not seem to be covariances but characteristics instead. We have

shown that when the IPCA model is able to distinguish between characteristics and covariances, the

characteristics-compensation is far more important than the covariances-compensation. It could

also be argued that there is no covariances-compensation above and beyond the characteristics-

compensation. Kelly et al. (2019) find that five IPCA factors without an intercept explain the

cross-section of average stock returns because the explanatory power of the unrestricted IPCA

specification decreases by increasing the number of IPCA factors. Furthermore, the more factors

are taken into consideration, the more the restricted IPCA specification allowing for factor loadings
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only behaves like a cross-sectional regression of stock returns on aggregated characteristics. It

follows that the more IPCA factors are considered in the restricted IPCA specification not allowing

for alpha, the more it behaves like a restricted IPCA specification only allowing for alpha.

-Table 4 around here-

3.2 Covariances Explain Risk

The previous analyses show that a restricted IPCA specification only allowing for alpha is sufficient

to explain the cross-sectional dispersion in average stock returns. This means that stocks realize a

return premium that is unrelated to the underlying covariance structure and that risk and return are

not described by a unified model. The remaining question is, which model is best suited to describe

risk? To answer this question, we sort stocks on the expected variances from the unrestricted IPCA

specifications and the restricted IPCA specifications allowing for factor loadings only. Specifically,

we are interested in (1) whether there are any differences between the unrestricted and restricted

specifications and (2) how many factors are required to describe the variance in returns. Table 5

reports the standard deviations of ten portfolios formed on the expected variances from the two

IPCA specifications varying the number of IPCA factors between one and six. The results in Table

5 show that all models produce a similar spread in the standard deviations of portfolio returns.

We therefore conclude that one factor is sufficient to describe the risk in returns. In summary,

our results reveal that returns are best explained by characteristics while risk is best explained

by covariances. However, because characteristics serve as instrumental variables for covariances,

characteristics are both covariances and characteristics.

-Table 5 around here-

4 Conclusion

The IPCA introduced by Kelly et al. (2019) might become one of the most important approaches

in empirical asset pricing. Among other things, it contributes to the use of empirical factor models

such as those proposed by Fama and French (1993), Carhart (1997) and Fama and French (2015); it

contributes to dimension reduction purposes in the “zoo of anomalies” as it was called by Cochrane

(2011); it contributes to the cross-sectional return predictability literature covered by Lewellen
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(2015) and Gu et al. (2020); and it contributes to the covariances versus characteristics debate

initiated by Daniel and Titman (1997) and Davis et al. (2000). In our study, we focus on the

last two research areas. We find that the average stock returns are best explained by a return

phenomenon unrelated to risk. In this sense, characteristics are characteristics, not covariances.

Furthermore, we find that a one-factor IPCA model is sufficient to explain stock risk. In this

sense, characteristics are covariances. Thus, our empirical evidence supports the characteristic-

based pricing model proposed by Daniel and Titman (1997). Another important finding is that

the spread produced by the IPCA models in stock returns and stock risk is large. For example,

the return spread produced by the IPCA models is larger than that in the forecasting approaches

taken by Lewellen (2015) or Gu et al. (2020). We therefore recommend the use of IPCA models as

benchmark models in forecasting studies. Our findings also provide important insights for portfolio

management purposes, as we are able to provide a recommendation on how returns and risk should

be estimated.
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Tables

Table 1: IPCA model performance

The table reports the predictive R2s in percentages for the unrestricted (Γα 6=0 and Γβ 6=0) and the two restricted (restricted

to covariances-compensation (Γα=0,Γβ 6=0) and restricted to characteristics-compensation (Γα6=0,Γβ=0)) IPCA models. K

represents the number of IPCA factors considered in the unrestricted and the restricted to covariances-compensation IPCA

models. No IPCA factors are considered in the restricted to characteristics-compensation IPCA specification. The predictive

R2s are calculated out-of-sample with respect to 12,813 unique stocks for which 36 lagged characteristics and excess returns

are nonmissing in month t between July 1962 and May 2014.

K

0 1 2 3 4 5 6

Γα=0 0.34 0.33 0.55 0.61 0.60 0.60

Γα 6=0 0.62 0.67 0.67 0.65 0.64 0.64 0.62
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Table 2: Expected-return-sorted portfolios from IPCA models

The table reports characteristics of decile portfolios formed from monthly sorts of CRSP/Compustat stocks on expected

returns from three IPCA specifications. Panel A reports the results of sorts on the expected returns from the restricted

IPCA specification allowing for alpha but not for factor loadings (Γα 6=0,Γβ=0). Panel B reports the results of sorts on

the expected returns from the unrestricted IPCA specification (Γα6=0,Γβ 6=0). Panel C reports the results of sorts on the

expected returns from the restricted IPCA specification allowing for factor loadings but not for alpha (Γα=0,Γβ 6=0). In

Panels B and C, a maximum of six IPCA factors (K) are considered. The ten portfolios are defined as follows. For each

month from July 1962 to May 2014, we assign all stocks to ten portfolios using decile breakpoints from the cross-section

of the estimated returns from the three IPCA specifications and calculate the value-weighted monthly percentage excess

returns for the next month. To analyze the aggregate effect of a certain model on stock returns, we take a long position

in portfolio 10 (High) and a short position in portfolio 1 (Low). For each portfolio, we estimate a Fama and French (2015)

five-factor model (i.e. Mkt-Rf, SMB, HML, RMW, and CMW) for the value-weighted returns (in excess of the T-bill rate)

of the ten single-sorted portfolios as well as the value-weighted returns of the High minus Low portfolio. Mkt-Rf is the

return on the value-weighted NYSE/AMEX/NASDAQ portfolio in excess of the T-bill rate. SMB, HML, RMW, and CMW

are factor-mimicking portfolios associated with the size effect, the book-to-market effect, the operating profitability effect,

and the investment effect, respectively. We retrieve the data from Kenneth French’s website. Avg (Std, Shp) is the average

(standard deviation, sharpe ratio) of the value-weighted returns formed from sorts of stocks on expected returns from the

IPCA models. Pred is the average expected portfolio return of a model and Alpha is regression alpha from the Fama and

French (2015) five-factor model. pVal(H-L) reports the p-value from a t-test against the null hypothesis of zero average

return (column Avg) or zero alpha (column Alpha) for the H-L portfolio.

Panel A: Expected-return sorted portfolios, Γα6=0 and Γβ=0.

Γα 6=0 and Γβ=0

Avg Std Shp Pred Alpha

Low (L) -0.75 6.25 -0.12 -1.48 -1.37

2 -0.04 5.80 -0.01 -0.63 -0.74

3 0.25 5.75 0.04 -0.17 -0.46

4 0.52 5.66 0.09 0.20 -0.23

5 0.70 5.64 0.12 0.53 -0.09

6 0.92 5.80 0.16 0.85 0.14

7 1.14 5.86 0.19 1.19 0.38

8 1.44 6.11 0.24 1.56 0.69

9 1.74 6.50 0.27 2.03 0.95

High (H) 2.61 7.49 0.35 2.88 1.87

H-L 3.36 4.49 0.75 4.37 3.24

pVal(H-L) 0.00 0.00
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Panel B: Expected-return sorted portfolios, Γα6=0 and Γβ 6=0.

Γα6=0 and K = 1 Γα 6=0 and K = 2

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.76 6.14 -0.12 -1.35 -1.37 Low (L) -0.75 6.15 -0.12 -1.28 -1.36

2 -0.03 5.72 -0.01 -0.52 -0.73 2 0.01 5.71 0.00 -0.49 -0.67

3 0.31 5.68 0.05 -0.07 -0.40 3 0.33 5.63 0.06 -0.06 -0.37

4 0.46 5.59 0.08 0.29 -0.27 4 0.52 5.55 0.09 0.30 -0.20

5 0.69 5.62 0.12 0.62 -0.08 5 0.74 5.61 0.13 0.62 -0.04

6 0.93 5.78 0.16 0.94 0.15 6 0.88 5.73 0.15 0.95 0.10

7 1.14 5.89 0.19 1.28 0.36 7 1.16 5.94 0.19 1.28 0.37

8 1.41 6.22 0.23 1.66 0.65 8 1.37 6.29 0.22 1.65 0.59

9 1.77 6.65 0.27 2.13 0.97 9 1.72 6.69 0.26 2.11 0.94

High (H) 2.62 7.70 0.34 2.96 1.87 High (H) 2.62 7.88 0.33 2.90 1.86

H-L 3.38 4.64 0.73 4.31 3.24 H-L 3.37 4.94 0.68 4.18 3.22

pVal(H-L) 0.00 0.00 pVal(H-L) 0.00 0.00

Γα6=0 and K = 3 Γα 6=0 and K = 4

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.76 6.22 -0.12 -1.28 -1.34 Low (L) -0.74 6.31 -0.12 -1.28 -1.29

2 0.06 5.73 0.01 -0.50 -0.62 2 0.08 5.83 0.01 -0.50 -0.59

3 0.34 5.68 0.06 -0.07 -0.35 3 0.33 5.62 0.06 -0.07 -0.35

4 0.55 5.53 0.10 0.28 -0.18 4 0.59 5.61 0.10 0.29 -0.14

5 0.71 5.60 0.13 0.61 -0.06 5 0.71 5.59 0.13 0.62 -0.07

6 0.92 5.75 0.16 0.94 0.13 6 0.95 5.73 0.16 0.94 0.16

7 1.15 5.96 0.19 1.28 0.37 7 1.08 5.98 0.18 1.28 0.28

8 1.35 6.29 0.22 1.65 0.55 8 1.36 6.21 0.22 1.65 0.56

9 1.74 6.66 0.26 2.10 0.94 9 1.75 6.65 0.26 2.10 0.93

High (H) 2.56 7.74 0.33 2.88 1.79 High (H) 2.54 7.58 0.33 2.86 1.74

H-L 3.32 4.76 0.70 4.16 3.13 H-L 3.28 4.68 0.70 4.14 3.03

pVal(H-L) 0.00 0.00 pVal(H-L) 0.00 0.00

Γα6=0 and K = 5 Γα 6=0 and K = 6

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.71 6.29 -0.11 -1.27 -1.26 Low (L) -0.64 6.26 -0.10 -1.27 -1.20

2 0.08 5.75 0.01 -0.50 -0.58 2 0.08 5.80 0.01 -0.51 -0.58

3 0.35 5.64 0.06 -0.07 -0.34 3 0.38 5.63 0.07 -0.09 -0.32

4 0.57 5.57 0.10 0.28 -0.15 4 0.54 5.57 0.10 0.27 -0.17

5 0.72 5.61 0.13 0.61 -0.05 5 0.72 5.61 0.13 0.61 -0.04

6 0.94 5.82 0.16 0.94 0.13 6 0.93 5.84 0.16 0.94 0.11

7 1.02 5.91 0.17 1.28 0.22 7 1.02 5.92 0.17 1.28 0.22

8 1.40 6.30 0.22 1.65 0.59 8 1.37 6.30 0.22 1.66 0.57

9 1.72 6.63 0.26 2.10 0.92 9 1.70 6.64 0.26 2.11 0.90

High (H) 2.59 7.67 0.34 2.86 1.79 High (H) 2.61 7.70 0.34 2.87 1.82

H-L 3.30 4.72 0.70 4.12 3.05 H-L 3.25 4.86 0.67 4.13 3.02

pVal(H-L) 0.00 0.00 pVal(H-L) 0.00 0.00
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Panel C: Expected-return sorted portfolios, Γα=0 and Γβ 6=0.

Γα=0 and K = 1 Γα=0 and K = 2

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) 0.41 3.64 0.11 0.36 -0.26 Low (L) 0.53 4.28 0.12 0.09 -0.19

2 0.57 4.25 0.13 0.51 -0.21 2 0.63 4.72 0.13 0.29 -0.16

3 0.71 4.74 0.15 0.60 -0.11 3 0.73 5.12 0.14 0.42 -0.11

4 0.76 5.17 0.15 0.69 -0.12 4 0.83 5.54 0.15 0.55 -0.06

5 0.81 5.59 0.14 0.77 -0.05 5 0.78 5.86 0.13 0.68 -0.06

6 0.82 6.14 0.13 0.86 -0.02 6 0.71 6.26 0.11 0.81 -0.10

7 0.83 6.87 0.12 0.94 0.05 7 0.75 6.81 0.11 0.96 0.02

8 0.79 7.64 0.10 1.04 0.07 8 0.74 7.50 0.10 1.12 0.04

9 0.91 8.98 0.10 1.16 0.27 9 0.86 8.59 0.10 1.31 0.23

High (H) 1.63 11.14 0.15 1.36 1.09 High (H) 1.83 11.23 0.16 1.64 1.36

H-L 1.22 9.38 0.13 1.00 1.36 H-L 1.31 9.88 0.13 1.55 1.55

pVal(H-L) 0.28 0.00 pVal(H-L) 0.23 0.00

Γα=0 and K = 3 Γα=0 and K = 4

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.16 6.17 -0.03 -0.62 -0.59 Low (L) -0.54 5.98 -0.09 -0.86 -1.15

2 0.22 5.36 0.04 -0.08 -0.42 2 0.10 5.54 0.02 -0.23 -0.57

3 0.41 5.39 0.08 0.22 -0.31 3 0.39 5.53 0.07 0.11 -0.34

4 0.52 5.57 0.09 0.46 -0.27 4 0.58 5.60 0.10 0.39 -0.18

5 0.71 5.71 0.13 0.69 -0.11 5 0.72 5.63 0.13 0.66 -0.07

6 0.76 5.93 0.13 0.91 -0.07 6 0.88 5.79 0.15 0.92 0.06

7 0.99 6.22 0.16 1.15 0.15 7 1.08 6.06 0.18 1.19 0.30

8 1.29 6.56 0.20 1.41 0.44 8 1.38 6.47 0.21 1.50 0.57

9 1.55 7.18 0.22 1.73 0.76 9 1.64 6.96 0.24 1.87 0.88

High (H) 2.35 8.83 0.27 2.29 1.57 High (H) 2.47 8.55 0.29 2.52 1.79

H-L 2.52 6.48 0.39 2.91 2.16 H-L 3.01 5.92 0.51 3.38 2.94

pVal(H-L) 0.00 0.00 pVal(H-L) 0.00 0.00

Γα=0 and K = 5 Γα=0 and K = 6

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.63 6.32 -0.10 -1.13 -1.19 Low (L) -0.64 6.32 -0.10 -1.16 -1.20

2 0.12 5.80 0.02 -0.43 -0.56 2 0.14 5.78 0.02 -0.46 -0.53

3 0.37 5.56 0.07 -0.03 -0.31 3 0.37 5.53 0.07 -0.05 -0.31

4 0.60 5.60 0.11 0.30 -0.14 4 0.61 5.60 0.11 0.29 -0.14

5 0.68 5.63 0.12 0.62 -0.08 5 0.71 5.63 0.13 0.61 -0.05

6 0.92 5.74 0.16 0.93 0.14 6 0.89 5.76 0.16 0.93 0.10

7 1.08 5.93 0.18 1.25 0.28 7 1.02 5.96 0.17 1.26 0.20

8 1.34 6.26 0.21 1.61 0.53 8 1.35 6.28 0.22 1.62 0.55

9 1.70 6.80 0.25 2.03 0.88 9 1.70 6.77 0.25 2.05 0.89

High (H) 2.45 7.65 0.32 2.75 1.67 High (H) 2.52 7.71 0.33 2.77 1.74

H-L 3.08 4.86 0.63 3.88 2.86 H-L 3.16 4.88 0.65 3.93 2.94

pVal(H-L) 0.00 0.00 pVal(H-L) 0.00 0.00
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Table 3: Expected-return-sorted portfolios from orthogonalized IPCA models

The table reports characteristics of decile portfolios formed from monthly sorts of CRSP/Compustat stocks on orthogonalized

expected returns from three IPCA specifications. Panel A reports the results of sorts on the expected returns from the

unrestricted IPCA specification (Γα6=0,Γβ 6=0) and on the expected returns from the restricted IPCA specification allowing

for factor loadings but not for alpha (Γα=0,Γβ 6=0), both orthogonalized by the expected returns from the restricted IPCA

specification allowing for alpha but not for factor loadings (Γα6=0,Γβ=0). Panel B reports the results of sorts on the expected

returns from the restricted IPCA specification allowing for alpha but not for factor loadings (Γα 6=0,Γβ=0, K = 0), on the

expected returns from the unrestricted IPCA specification (Γα6=0,Γβ 6=0), and on the expected returns from the restricted

IPCA specification (up to five IPCA factors) allowing for factor loadings but not for alpha (Γα=0,Γβ 6=0), all orthogonalized

by the expected returns from the restricted IPCA specification with six factors allowing for factor loadings but not for

alpha (Γα=0,Γβ 6=0, K = 6). The ten portfolios are defined as follows. For each month from July 1962 to May 2014, we

assign all stocks to ten portfolios using decile breakpoints from the cross-section of the estimated returns from the three

IPCA specifications and calculate the value-weighted monthly percentage excess returns for the next month. To analyze

the aggregate effect of a certain model on stock returns, we take a long position in portfolio 10 (High) and a short position

in portfolio 1 (Low). The numbers in the table represent the average of the value-weighted returns formed from sorts of

stocks on orthogonalized expected returns from the IPCA models. pVal(H-L) reports the p-value from a t-test against the

null hypothesis of zero average return (column Avg) for the H-L portfolio.

Panel A: Expected-return sorted portfolios, orthogonalized by the restricted IPCA specification Γα 6=0, Γβ=0.

Γα 6=0 Γα=0

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

Low (L) 0.68 0.70 0.76 0.80 0.83 0.89 Low (L) 0.65 0.83 1.00 0.84 0.96 0.95

2 0.71 0.82 0.83 0.83 0.77 0.84 2 0.73 0.80 0.91 0.88 0.89 0.90

3 0.77 0.80 0.86 0.91 0.81 0.81 3 0.80 0.82 0.87 0.84 0.91 0.83

4 0.75 0.83 0.85 0.76 0.83 0.81 4 0.83 0.84 0.77 0.86 0.88 0.84

5 0.79 0.78 0.79 0.81 0.82 0.81 5 0.85 0.78 0.78 0.79 0.76 0.86

6 0.76 0.81 0.76 0.80 0.78 0.81 6 0.93 0.79 0.73 0.74 0.74 0.71

7 0.85 0.77 0.76 0.77 0.81 0.76 7 0.78 0.68 0.65 0.69 0.70 0.70

8 0.83 0.74 0.71 0.68 0.74 0.70 8 0.81 0.69 0.67 0.73 0.64 0.64

9 0.86 0.74 0.76 0.72 0.71 0.66 9 0.71 0.66 0.72 0.77 0.61 0.67

High (H) 0.96 0.94 0.78 0.81 0.80 0.80 High (H) 0.85 0.99 0.78 0.74 0.72 0.75

H-L 0.28 0.24 0.02 0.01 -0.03 -0.09 H-L 0.20 0.17 -0.22 -0.09 -0.24 -0.20

pVal(H-L) 16.92 24.36 94.25 96.94 89.66 65.40 pVal(H-L) 59.82 67.13 41.07 71.20 23.34 32.85
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Panel B: Expected-return sorted portfolios, orthogonalized by the restricted IPCA specification Γα=0, Γβ 6=0, K = 6.

Γα 6=0 Γα=0

0 1 2 3 4 5 6 1 2 3 4 5

Low (L) 0.14 0.06 0.12 0.14 0.07 0.09 0.32 Low (L) 0.64 0.87 0.76 0.62 0.64

2 0.27 0.28 0.37 0.36 0.41 0.39 0.42 2 0.74 0.84 0.90 0.67 0.76

3 0.45 0.38 0.48 0.52 0.52 0.45 0.57 3 0.82 0.84 0.83 0.79 0.83

4 0.61 0.53 0.56 0.61 0.66 0.67 0.67 4 0.85 0.82 0.84 0.78 0.81

5 0.72 0.71 0.73 0.72 0.78 0.77 0.79 5 0.86 0.76 0.79 0.82 0.83

6 0.81 0.80 0.79 0.83 0.87 0.82 0.83 6 0.91 0.84 0.79 0.82 0.82

7 0.94 0.93 0.86 0.87 0.91 0.98 0.95 7 0.82 0.64 0.77 0.79 0.77

8 1.02 1.09 1.04 1.04 1.06 1.10 1.03 8 0.86 0.79 0.70 0.86 0.84

9 1.28 1.28 1.21 1.16 1.11 1.16 1.13 9 0.75 0.71 0.73 0.86 0.79

High (H) 1.50 1.57 1.54 1.50 1.36 1.34 1.18 High (H) 0.67 0.68 0.79 1.02 0.83

H-L 1.36 1.51 1.42 1.36 1.29 1.25 0.87 H-L 0.03 -0.19 0.03 0.40 0.18

pVal(H-L) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 pVal(H-L) 93.46 62.50 90.21 15.83 34.69
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Table 4: Expected-return-sorted portfolios from unrestricted IPCA models

The table reports characteristics of decile portfolios formed from monthly sorts of CRSP/Compustat stocks on expected

returns from the components of the unrestricted IPCA specification. The expected return from the unrestricted IPCA model

at time t is z′i,t(Γ̂α,t + Γ̂β,tλ̂t) and can be decomposed into the expected return from characteristics without any relation

to risk (characteristics-compensation, z′i,tΓ̂α,t) and into the expected return from covariances (covariances-compensation,

z′i,tΓ̂β,tλ̂t). A maximum of six IPCA factors (K) is considered. The ten portfolios are defined as follows. For each month

from July 1962 to May 2014, we assign all stocks to ten portfolios using decile breakpoints from the cross-section of the

estimated returns from the unrestricted IPCA specifications and calculate the value-weighted monthly percentage excess

returns for the next month. To analyze the aggregate effect of a certain model on stock returns, we take a long position

in portfolio 10 (High) and a short position in portfolio 1 (Low). For each portfolio, we estimate a Fama and French (2015)

five-factor model (i.e. Mkt-Rf, SMB, HML, RMW, and CMW) for the value-weighted returns (in excess of the T-bill rate)

of the ten single-sorted portfolios as well as the value-weighted returns of the High minus Low portfolio. Mkt-Rf is the

return on the value-weighted NYSE/AMEX/NASDAQ portfolio in excess of the T-bill rate. SMB, HML, RMW, and CMW

are factor-mimicking portfolios associated with the size effect, the book-to-market effect, the operating profitability effect,

and the investment effect, respectively. We retrieve the data from Kenneth French’s website. Avg (Std, Shp) is the average

(standard deviation, sharpe ratio) of the value-weighted returns formed from sorts of stocks on expected returns from the

IPCA models. Pred is the average expected portfolio return of a model, and Alpha is regression alpha from the Fama and

French (2015) five-factor model. pVal(H-L) reports the p-value from a t-test against the null hypothesis of zero average

return (column Avg) or zero alpha (column Alpha) for the H-L portfolio.
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Γα6=0 and K = 1, characteristics-compensation Γα 6=0 and K = 1, covariance-compensation

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.97 7.64 -0.13 -3.29 -1.55 Low (L) 0.49 3.62 0.13 0.75 -0.19

2 0.11 6.70 0.02 -2.31 -0.57 2 0.60 4.22 0.14 1.06 -0.18

3 0.34 6.35 0.05 -1.80 -0.38 3 0.73 4.71 0.16 1.27 -0.09

4 0.60 6.10 0.10 -1.41 -0.13 4 0.78 5.15 0.15 1.45 -0.09

5 0.81 5.87 0.14 -1.06 0.02 5 0.82 5.57 0.15 1.62 -0.03

6 0.94 5.65 0.17 -0.73 0.17 6 0.86 6.16 0.14 1.80 0.01

7 1.13 5.66 0.20 -0.40 0.33 7 0.81 6.83 0.12 1.98 0.02

8 1.38 5.60 0.25 -0.03 0.58 8 0.81 7.69 0.11 2.19 0.09

9 1.58 5.55 0.29 0.40 0.80 9 0.86 8.97 0.10 2.44 0.21

High (H) 2.15 5.85 0.37 1.16 1.41 High (H) 1.39 11.17 0.12 2.86 0.87

H-L 3.12 5.02 0.62 4.45 2.96 H-L 0.90 9.42 0.10 2.11 1.06

pVal(H-L) 0.00 0.00 pVal(H-L) 2.73 0.00

Γα6=0 and K = 2, characteristics-compensation Γα 6=0 and K = 2, covariance-compensation

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -1.00 7.41 -0.13 -2.48 -1.60 Low (L) 0.66 4.59 0.14 -0.34 -0.03

2 0.06 6.56 0.01 -1.44 -0.58 2 0.73 5.03 0.14 -0.01 -0.04

3 0.39 6.29 0.06 -0.90 -0.30 3 0.75 5.33 0.14 0.22 -0.05

4 0.69 6.02 0.11 -0.48 -0.03 4 0.77 5.66 0.14 0.43 -0.04

5 0.85 5.84 0.15 -0.13 0.10 5 0.81 5.91 0.14 0.65 0.03

6 0.97 5.75 0.17 0.20 0.20 6 0.73 6.28 0.12 0.88 -0.06

7 1.07 5.73 0.19 0.53 0.28 7 0.69 6.73 0.10 1.13 -0.09

8 1.24 5.72 0.22 0.89 0.44 8 0.73 7.32 0.10 1.41 -0.01

9 1.47 5.82 0.25 1.31 0.68 9 0.83 8.27 0.10 1.75 0.14

High (H) 1.86 6.17 0.30 2.05 1.06 High (H) 1.65 10.63 0.16 2.34 1.14

H-L 2.86 4.83 0.59 4.53 2.66 H-L 0.99 9.05 0.11 2.68 1.17

pVal(H-L) 0.00 0.00 pVal(H-L) 1.15 0.01

Γα6=0 and K = 3, characteristics-compensation Γα 6=0 and K = 3, covariance-compensation

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.96 7.40 -0.13 -2.31 -1.47 Low (L) 0.62 4.82 0.13 -0.23 -0.11

2 0.12 6.63 0.02 -1.35 -0.47 2 0.66 5.09 0.13 0.07 -0.11

3 0.37 6.24 0.06 -0.85 -0.31 3 0.71 5.38 0.13 0.27 -0.08

4 0.66 6.02 0.11 -0.46 -0.04 4 0.71 5.64 0.13 0.46 -0.07

5 0.84 5.83 0.14 -0.12 0.11 5 0.76 5.94 0.13 0.65 -0.00

6 0.90 5.76 0.16 0.19 0.11 6 0.73 6.23 0.12 0.85 -0.03

7 1.12 5.74 0.20 0.51 0.34 7 0.74 6.61 0.11 1.06 -0.03

8 1.28 5.68 0.23 0.86 0.44 8 0.81 7.08 0.12 1.30 0.08

9 1.50 5.82 0.26 1.27 0.64 9 0.91 8.05 0.11 1.60 0.26

High (H) 1.89 6.13 0.31 2.00 1.01 High (H) 1.75 10.54 0.17 2.14 1.21

H-L 2.85 4.82 0.59 4.30 2.48 H-L 1.13 8.90 0.13 2.37 1.32

pVal(H-L) 0.00 0.00 pVal(H-L) 0.33 0.00
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Γα6=0 and K = 4, characteristics-compensation Γα 6=0 and K = 4, covariance-compensation

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.92 7.69 -0.12 -2.12 -1.38 Low (L) 0.62 4.68 0.13 -0.33 -0.18

2 0.07 6.63 0.01 -1.18 -0.49 2 0.65 4.87 0.13 -0.03 -0.17

3 0.44 6.31 0.07 -0.69 -0.17 3 0.74 5.11 0.14 0.16 -0.11

4 0.60 6.05 0.10 -0.30 -0.09 4 0.78 5.43 0.14 0.33 -0.07

5 0.82 5.81 0.14 0.04 0.09 5 0.72 5.71 0.13 0.50 -0.09

6 0.85 5.69 0.15 0.35 0.07 6 0.73 6.08 0.12 0.68 -0.04

7 1.13 5.67 0.20 0.67 0.30 7 0.76 6.53 0.12 0.87 0.07

8 1.32 5.59 0.24 1.02 0.44 8 0.72 7.29 0.10 1.10 0.04

9 1.54 5.75 0.27 1.42 0.63 9 0.93 8.25 0.11 1.38 0.38

High (H) 2.05 5.91 0.35 2.13 1.09 High (H) 1.60 10.92 0.15 1.89 1.14

H-L 2.97 5.14 0.58 4.25 2.47 H-L 0.98 9.33 0.11 2.22 1.32

pVal(H-L) 0.00 0.00 pVal(H-L) 1.50 0.01

Γα6=0 and K = 5, characteristics-compensation Γα 6=0 and K = 5, covariance-compensation

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.95 7.60 -0.13 -2.03 -1.39 Low (L) 0.62 4.66 0.13 -0.32 -0.16

2 0.13 6.72 0.02 -1.13 -0.45 2 0.71 4.86 0.15 -0.02 -0.13

3 0.39 6.29 0.06 -0.65 -0.22 3 0.76 5.13 0.15 0.16 -0.08

4 0.63 6.02 0.10 -0.27 -0.06 4 0.81 5.37 0.15 0.33 -0.04

5 0.78 5.88 0.13 0.06 0.04 5 0.72 5.67 0.13 0.49 -0.09

6 0.89 5.68 0.16 0.37 0.10 6 0.78 6.15 0.13 0.65 -0.02

7 1.16 5.64 0.21 0.68 0.34 7 0.71 6.58 0.11 0.84 0.00

8 1.33 5.68 0.23 1.02 0.43 8 0.73 7.26 0.10 1.05 0.07

9 1.60 5.69 0.28 1.42 0.68 9 0.88 8.16 0.11 1.33 0.33

High (H) 2.09 5.94 0.35 2.09 1.14 High (H) 1.55 10.86 0.14 1.82 1.08

H-L 3.05 5.16 0.59 4.13 2.53 H-L 0.92 9.20 0.10 2.14 1.24

pVal(H-L) 0.00 0.00 pVal(H-L) 2.01 0.01

Γα6=0 and K = 6, characteristics-compensation Γα 6=0 and K = 6, covariance-compensation

Avg Std Shp Pred Alpha Avg Std Shp Pred Alpha

Low (L) -0.88 7.52 -0.12 -1.74 -1.30 Low (L) 0.42 5.07 0.08 -0.50 -0.31

2 0.07 6.71 0.01 -0.97 -0.47 2 0.58 5.18 0.11 -0.13 -0.21

3 0.42 6.25 0.07 -0.56 -0.23 3 0.61 5.36 0.11 0.10 -0.19

4 0.63 6.01 0.10 -0.24 -0.06 4 0.69 5.48 0.13 0.30 -0.13

5 0.75 5.76 0.13 0.05 -0.01 5 0.74 5.75 0.13 0.50 -0.07

6 0.93 5.71 0.16 0.31 0.12 6 0.83 6.01 0.14 0.70 0.03

7 1.12 5.71 0.20 0.58 0.30 7 0.82 6.36 0.13 0.91 0.04

8 1.32 5.69 0.23 0.86 0.44 8 0.95 6.90 0.14 1.16 0.23

9 1.47 5.68 0.26 1.20 0.58 9 1.09 7.67 0.14 1.48 0.45

High (H) 2.08 6.13 0.34 1.79 1.13 High (H) 1.83 9.80 0.19 2.06 1.41

H-L 2.96 4.94 0.60 3.53 2.42 H-L 1.41 7.80 0.18 2.55 1.71

pVal(H-L) 0.00 0.00 pVal(H-L) 0.00 0.00
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Table 5: Expected-variance-sorted portfolios from IPCA models

The table reports characteristics of decile portfolios formed from monthly sorts of CRSP/Compustat stocks on expected

variances from the IPCA specifications accounting for factor loadings. The left-hand side reports the results of sorts on

the expected variances from the unrestricted IPCA specification (Γα6=0,Γβ 6=0). The right-hand side reports the results

from sorts on the expected variances from the restricted IPCA specification allowing for factor loadings but not for alpha

(Γα=0,Γβ 6=0). The ten portfolios are defined as follows. For each month from July 1962 to May 2014, we assign all stocks

to ten portfolios using decile breakpoints from the cross-section of the estimated variances from the two IPCA models and

calculate the value-weighted monthly percentage excess returns for the next month. To analyze the aggregate effect of a

certain model on stock returns, we take a long position in portfolio 10 (High) and a short position in portfolio 1 (Low). The

numbers in the table represent the standard deviations of the value-weighted returns formed from sorts of stocks on expected

variances from the IPCA models. pVal(MR) reports the p-value from a Patton and Timmermann (2010)-like monotonic

relationship test against the null hypothesis of a decreasing or no monotonic relationship from portfolio one through ten.

Γα 6=0 Γα=0

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

Low (L) 3.62 3.70 3.72 3.75 3.78 3.80 Low (L) 3.64 3.71 3.70 3.75 3.77 3.79

2 4.22 4.23 4.25 4.30 4.31 4.30 2 4.25 4.26 4.23 4.26 4.28 4.29

3 4.71 4.62 4.67 4.65 4.67 4.67 3 4.74 4.64 4.65 4.71 4.68 4.69

4 5.15 5.05 5.05 5.11 5.12 5.11 4 5.17 5.06 5.06 5.06 5.12 5.13

5 5.57 5.51 5.52 5.55 5.54 5.54 5 5.59 5.49 5.53 5.57 5.54 5.53

6 6.16 6.09 6.06 6.07 6.07 6.06 6 6.14 6.11 6.09 6.07 6.06 6.06

7 6.83 6.75 6.77 6.80 6.79 6.77 7 6.87 6.75 6.81 6.81 6.81 6.79

8 7.69 7.69 7.68 7.71 7.70 7.74 8 7.64 7.68 7.65 7.73 7.72 7.71

9 8.97 8.83 8.92 8.93 8.91 8.89 9 8.98 8.84 8.87 8.86 8.89 8.88

High (H) 11.17 11.35 11.43 11.36 11.36 11.36 High (H) 11.14 11.36 11.46 11.35 11.35 11.36

H-L 9.42 9.45 9.52 9.48 9.50 9.47 H-L 9.38 9.44 9.55 9.43 9.46 9.48

pVal(MR) 0.00 0.00 0.00 0.00 0.00 0.00 pVal(MR) 0.00 0.00 0.00 0.00 0.00 0.00
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