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Abstract  

 
Portfolio sorts are widely used in empirical asset pricing to identify firm characteristics that 
predict stock returns. However, such tests can conflate genuine characteristic-based predicta-
bility with persistent, firm-level heterogeneity. To address this limitation, we propose a Gen-
eralized Portfolio Sorts (GPS) model, which can exactly replicate results from all variants of 
conventional portfolio sorts, but can also be specified so that it separates a firm characteristic’s 
genuine predictive power from stable firm-level factors. We also derive a statistical test to 
detect whether return predictability arises from the sorting characteristic itself or from persis-
tent, firm-level traits. Applied to a large set of proposed asset pricing predictors, we find that 
nearly half lose significance once persistent, firm-level heterogeneity is accounted for. The 
GPS-model thus strengthens factor validation, advances our understanding of the factor zoo, 
and provides a more robust foundation for empirical asset pricing tests. 
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1. Introduction 

The identification of firm characteristics that predict stock returns is a cornerstone of 

empirical asset pricing. Yet, amid the ever growing “factor zoo” of proposed return 

predictors, disagreement about which characteristics truly drive expected returns per-

sists. Portfolio sorts, an intuitive two-step methodology introduced by Black et al. 

(1972) and popularized by Fama and French (1993), are widely used to assess whether 

portfolios formed on specific characteristics earn alpha relative to standard asset pricing 

models.0F

1 

In this paper, we challenge the conventional interpretation of portfolio sorts by 

demonstrating that their standard implementation can conflate genuine characteristic-

based predictability with persistent, firm-level heterogeneity. This problem emanates 

from the implicit assumption of standard portfolio sorts that unobserved firm-specific 

risk is uncorrelated with the sorting characteristic(s), generally referred to as the “ran-

dom effects assumption” (RE assumption) in econometrics. When the sorting charac-

teristic coincidentally correlates with some long-lived firm traits (e.g., innovativeness 

or management quality), the random effects assumption fails and portfolio sorts are 

prone to overstating a characteristic’s true predictive power by blending genuine return 

predictability with persistent firm-level components. In such cases, it is unclear whether 

observed predictive power originates from the sorting characteristic itself or from per-

sistent, unobserved firm-level attributes correlated with that characteristic.  

Our paper contributes to the sparse literature analyzing the econometric properties 

of portfolio sorts.1F

2 We are the first to systematically study how persistent firm-level 

heterogeneity affects risk-adjusted returns from portfolio sorts. To this end, we propose 

 
1 Recent examples of empirical asset pricing studies using the portfolio sorts approach are Novy-Marx 
(2013), Frazzini and Pedersen (2014), Ball et al. (2015), Fama and French (2015), Bali et al. (2017), 
Gerakos and Linnainmaa (2018), Weber (2018), van Binsbergen and Opp (2019), Ehsani and Linnainmaa 
(2022), and Friewald et al. (2022), among many others. The portfolio sorts approach is also widely used 
in other areas of empirical finance research, such as derivative research (e.g., Heston et al., 2023), cryp-
tocurrency research (e.g., Liu et al., 2022), ESG research (e.g., Hsu et al., 2023), household finance (e.g., 
Barber and Odean, 2000, 2001; Bali et al., 2023), research on insider trading (e.g., Hvide and Meisner 
Nielsen, 2025), and studies analyzing the performance of mutual funds and hedge funds (e.g., Kacper-
czyk et al., 2008; Fung et al., 2008; Gerakos et al., 2021). 
2 Research covering methodological and econometric aspects of the portfolio sorts approach includes 
Fama (1998), Lyon et al. (1999), Loughran and Ritter (2000), Kothari and Warner (2008), and Cochrane 
(2011). More recently, Cattaneo et al. (2020) analyze the statistical properties of portfolio sorts and apply 
a nonparametric estimator to obtain optimal choices for the number of portfolios. 
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a “Generalized Portfolio Sorts” (GPS) model that nests the standard approach as a spe-

cial case. In our GPS-model, individual firms’ monthly excess returns are regressed on 

a set of market factors (e.g., Fama-French factors), one or more firm characteristics 

(e.g., gross profitability or volatility), and the interaction terms between these factors 

and characteristics – all within a single (weighted) pooled OLS regression.2F

3 We prove 

theoretically and confirm empirically that this firm-level regression can exactly repli-

cate the alpha and factor exposure estimates (and their t-statistics) from all variants of 

conventional portfolio sorts. This result underscores a central insight: Since portfolio 

sorts can be replicated by a pooled OLS regression, which depends on the random ef-

fects assumption, a significant correlation between a sorting characteristic and some 

persistent firm-level attributes can inflate inferences about a characteristic’s predictive 

power. 

Unobserved heterogeneity is often present in empirical finance research, and a nat-

ural solution for addressing it, is to include firm fixed effects (Petersen, 2009; Gormley 

and Matsa, 2014). Unfortunately, traditional portfolio sorts cannot accommodate firm 

fixed effects by construction as the predictive power of a firm characteristic is inferred 

from a time-series regression where portfolio returns (e.g., top-minus-bottom decile 

portfolio returns) are regressed on a set of factors (e.g., the five Fama-French (2015) 

factors). Our GPS-model remedies this drawback of standard portfolio sorts: By esti-

mating a single firm-level regression, our approach can seamlessly integrate firm fixed 

effects. The GPS-model thus offers a straightforward solution to isolating the genuine 

predictive power (if any) of the sorting characteristic from persistent, firm-specific 

traits. 

To evaluate the importance of accounting for persistent, firm-specific risk compo-

nents in empirical asset pricing applications, we consider an established set of 94 asset 

pricing predictors from Gu et al. (2020, 2021). For each predictor, we estimate 12 spec-

ification variants – three versions of the characteristic (quintile dummies, decile dum-

mies, cross-sectionally standardized) times four factor models (Fama-French three-

 
3 For ease of exposition, but without loss of generality, we simply refer to “firms” throughout the paper. 
However, our methodology applies to all areas of empirical finance research, where portfolio sorts are 
applied. Furthermore, our technique can be used for evaluating the long-term performance of firms, 
funds, or investors. 
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factor, Fama-French five-factor, Carhart four-factor, and market model). Of these 1,128 

specifications, 532 appear significant under a standard portfolio sorts setup (or pooled 

OLS estimation). However, when we control for persistent, firm-specific attributes by 

including firm fixed effects in the analysis, only 270 predictors remain significant, 

while 262 (49%) either lose their predictive power (215, or 40%) or flip sign while 

staying significant (47, or 9%). These findings indicate that many documented anoma-

lies may simply reflect time-invariant firm attributes rather than genuine return predict-

ability. 

To systematically determine whether a newly proposed factor genuinely forecasts 

returns instead of reflecting unobserved firm-level attributes, we develop a Hausman 

(1978) type portfolio sorts specification test. If the test’s null hypothesis (that the ran-

dom effects assumption holds) is rejected, this is likely not the case and the sorting 

characteristic’s apparent predictive power may in part be due to some stable firm-level 

attributes that coincidentally correlate with the characteristic. In that scenario, incorpo-

rating firm fixed effects into the GPS-model yields a more reliable measure of the char-

acteristic’s genuine predictive power. This highlights that even a large t-statistic (Har-

vey et al., 2016) may not guarantee true return predictability; it could reflect p-hacking 

(Harvey, 2017; Chordia et al., 2020; Hou et al., 2020; Chen, 2021) or, as we demon-

strate in this study, systematic cross-sectional correlations that persist across firms. 

Hence, our GPS-model coupled with the portfolio sorts specification test does not just 

provide a means to control for firm-level heterogeneity in portfolio-based asset pricing 

tests. Rather, our approach serves as a robust diagnostic tool: Any characteristic that 

continues to predict returns after firm-specific fixed effects are included in the analysis 

is likely to represent a genuine return predictor and not just a proxy for long-lived firm 

traits. 

Our GPS-model relates to the extensive literature documenting hundreds of return 

predictors, sometimes called the “factor zoo” (Cochrane, 2011). Researchers have pur-

sued various refinements – including machine learning techniques or trading-friction 

adjustments – to manage the proliferation of proposed anomalies, while noting that 
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biases related to micro-cap stocks or frequent rebalancing can inflate paper alphas.3F

4 We 

point out another concern: Stable, unobserved firm traits may masquerade as character-

istic-driven predictability. This complements Dello-Preite et al. (2023), who build on 

Merton’s (1987) model to derive a stochastic discount factor (SDF) that can price both 

systematic and unsystematic risk, showing that unsystematic risk accounts for over 70% 

of their SDF’s variation. Integrating firm fixed effects into our GPS-model helps ensure 

that persistent, firm-specific attributes do not create an illusion of characteristic-based 

predictability. 

Beyond addressing unobserved firm-level risk, the GPS-model also mitigates the 

“curse of dimensionality” inherent in standard portfolio sorts. When researchers at-

tempt multiple sorts, the number of portfolios can grow rapidly, limiting empirical work 

to just a few characteristics (Cochrane, 2011). By contrast, the GPS-model accommo-

dates any number of continuous or discrete characteristics in a single regression, while 

retaining the intuitive alpha focus that makes portfolio sorts appealing. This flexibility 

applies regardless of whether the “optimal” number of portfolios is five, ten, or more 

(Cattaneo et al., 2020), and avoids discarding potentially valuable information by fo-

cusing solely on top and bottom group portfolios (Patton and Timmermann, 2010). 

Why is it important to revisit the conventional interpretation of portfolio sorts? 

Portfolio sorts are a key method in empirical asset pricing, as well as in studies of mu-

tual fund performance, IPO underperformance, household finance, and other domains. 

Their intuitive appeal has made them a convenient benchmark for deciding which char-

acteristics “explain” the cross-section of average stock returns. But if these character-

istics largely capture long-lived firm traits, they may not constitute genuine drivers of 

expected returns. Researchers, practitioners, and policymakers rely on these empirical 

findings to guide investment strategies, evaluate managerial skill, and shape regulatory 

discussions. Ensuring that persistent firm-level components are not mistaken for true 

return predictability is thus of substantial practical and theoretical importance. By trans-

ferring well-known econometric tools (firm fixed effects and Hausman tests) into a 

 
4 For example, see Bryzgalova (2016), Pukthuanthong et al. (2018), Huang et al. (2019), Harvey and Liu 
(2021), and Novy-Marx and Velikov (2024). Examples for machine learning techniques used to tame the 
factor zoo include Feng et al. (2020), Freyberger et al. (2020), Kozak et al. (2020), and Bryzgalova et al. 
(2023). 
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portfolio sorts context, the GPS-model offers an easy to use, yet powerful and widely 

applicable framework for reliably screening and validating characteristic-based factors 

in asset pricing, and for investigating the performance of firms, funds, or investors in 

empirical finance research more broadly.  

 

2. A regression-based approach to analyzing asset returns 

In this section, we begin by describing the GPS-model setup, its economic interpreta-

tion, and the statistical properties of our single-step, firm-level regression approach for 

analyzing asset returns. Next, we illustrate the methodology’s flexibility in handling 

multiple dimensions and continuous firm (or fund or investor) characteristics. We then 

propose a framework to distinguish cross-sectional relations from genuine return pre-

dictability, a crucial distinction closely related to Hausman’s (1978) specification test. 

Specifically, we show that a firm characteristic that appears to predict the cross-section 

of stock returns well may not qualify as a genuine return predictor if it fails to exhibit 

robust explanatory power once persistent firm-level effects are accounted for. 

 

2.1 Model setup 

Our Generalized Portfolio Sorts (GPS) model for analyzing the cross-section of stock 

returns employs the following firm-level regression specification, with statistical infer-

ence based on Driscoll and Kraay (1998) standard errors that are robust to heteroske-

dasticity and general forms of cross-sectional and temporal dependence (Driscoll and 

Kraay, 1998; Hoechle, 2007): 

𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝑐𝑐𝑖𝑖 + 𝜈𝜈𝑖𝑖𝑖𝑖              (𝑖𝑖 = 1, … ,𝑁𝑁,    𝑡𝑡 = 1, … ,𝑇𝑇) (1) 

The dependent variable 𝑟𝑟𝑖𝑖𝑖𝑖 is the period 𝑡𝑡 (excess) return of firm 𝑖𝑖. Vector 𝒛𝒛𝑖𝑖𝑖𝑖 =

[1   𝑧𝑧2,𝑖𝑖𝑖𝑖   …  𝑧𝑧𝑀𝑀,𝑖𝑖𝑖𝑖] includes a constant and a set of firm-specific characteristics 𝑧𝑧𝑚𝑚,𝑖𝑖𝑖𝑖 

(𝑚𝑚 = 2, … ,𝑀𝑀) which may vary across both firms and time. Vector 𝒙𝒙𝑡𝑡 =

[1    𝑥𝑥1𝑡𝑡   …  𝑥𝑥𝐾𝐾𝐾𝐾] consists of a constant and a series of market-level factor variables 𝑥𝑥𝑘𝑘,𝑡𝑡 

(𝑘𝑘 = 1, … ,𝐾𝐾) that vary over time but not across firms. Common examples of variables 

in vector 𝒙𝒙𝑡𝑡 include the market excess return, the Fama and French (1993, 2015) size, 
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value, profitability, and investment factors, as well as the Carhart (1997) momentum 

factor. The operator ⨂ denotes the Kronecker product. Hence, regression (1) incorpo-

rates three types of explanatory variables: individual firm characteristics, market-level 

factor variables, and all interactions between those firm characteristics and factors. This 

fully interacted regression model has 𝑀𝑀 × (𝐾𝐾 + 1) explanatory variables, whose coef-

ficients are stored in vector 𝜽𝜽. Finally, 𝑐𝑐𝑖𝑖 is an unobserved firm-specific effect with 

𝐸𝐸(𝑐𝑐𝑖𝑖) = 0, and 𝜈𝜈𝑖𝑖𝑖𝑖 is the disturbance term, assumed to be strictly exogenous (i.e., 

𝐸𝐸[𝑣𝑣𝑖𝑖𝑖𝑖  | 𝑐𝑐𝑖𝑖, (𝒛𝒛𝑖𝑖1 ⨂ 𝒙𝒙1), … , (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑇𝑇)] = 0 for all 𝑖𝑖 and 𝑡𝑡). 

If persistent firm-level effects are either absent (𝑐𝑐𝑖𝑖 = 0  ∀𝑖𝑖) or uncorrelated with 

the regressors (𝐸𝐸[𝑐𝑐𝑖𝑖|(𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡)] = 0), regression (1) can be consistently estimated 

without firm fixed effects using (weighted) pooled OLS.4F

5 In this scenario, i.e. when 𝑐𝑐𝑖𝑖 

is omitted, regression (1) can exactly reproduce the results of all variants of standard 

portfolio sorts (see Section 2.2). We therefore refer to regression (1) as the “Generalized 

Portfolio Sorts” model, or the GPS-model.  

Unfortunately, the random effects (RE) assumption 𝐸𝐸[𝑐𝑐𝑖𝑖|(𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡)] = 0 cannot 

generally be assumed to hold. Given the wide-ranging firm-level heterogeneity in size, 

investments, capital structure, business culture, and management quality, it is plausible 

that persistent, firm-specific attributes correlate with the explanatory variables in re-

gression (1). However, if 𝐸𝐸[𝑐𝑐𝑖𝑖|(𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡)] ≠ 0, (weighted) pooled OLS is not reliable 

for estimating GPS-model (1). By contrast, the fixed effects (FE) estimator is robust to 

such correlations because it treats 𝑐𝑐𝑖𝑖 as an unobserved, long-lived component that may 

be correlated with the regressors. Hence, by controlling for these stable firm-level in-

fluences, FE estimation consistently recovers GPS-model (1) and prevents the sorting 

characteristic from being confounded with long-lived attributes. As we will show be-

low, this is a major advantage of the GPS-model over standard portfolio sorts. 

 

2.2 GPS-model vs. portfolio sorts 

Popularized by Fama and French’s (1993, 1996) influential research, the portfolio sorts 

methodology has become an important empirical tool in finance. The method offers an 

 
5 For details, see Cameron and Trivedi (2005, chapter 21). 
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intuitive economic interpretation and supports robust statistical inference even in the 

presence of cross-sectional and temporal dependence (Lyon et al., 1999). In this section, 

we show that GPS-model (1) can exactly reproduce the results of all variants of standard 

portfolio sorts. Hence, the GPS-model proposed in this paper has a sound theoretical 

and statistical foundation, and the coefficient estimates from regression (1) retain the 

straightforward economic interpretation associated with portfolio sorts. 

 

2.2.1 Formal exposition of the portfolio sorts approach 

The portfolio sorts procedure generally involves two steps. First, for each period 𝑡𝑡, the 

portfolio (excess) return 𝑟𝑟𝑝𝑝𝑝𝑝 is computed for a group of firms 𝑖𝑖 as follows: 

𝑟𝑟𝑝𝑝𝑝𝑝 = ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖
𝑁𝑁𝑡𝑡
𝑖𝑖=1   (2) 

where 𝑤𝑤𝑖𝑖𝑖𝑖 denotes the beginning-of-period 𝑡𝑡 portfolio weight of firm 𝑖𝑖 (𝑖𝑖 = 1, … ,𝑁𝑁𝑡𝑡), 

and 𝑟𝑟𝑖𝑖𝑖𝑖 refers to the firm’s stock (excess) return in period 𝑡𝑡. The second step assesses 

the (risk-adjusted) performance of portfolio 𝑝𝑝 by estimating a linear 𝐾𝐾-factor time-se-

ries regression with 𝑟𝑟𝑝𝑝𝑝𝑝 from (2) as the dependent variable: 

𝑟𝑟𝑝𝑝𝑝𝑝 = 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥1𝑡𝑡+ . . . +𝛽𝛽𝐾𝐾𝑥𝑥𝐾𝐾𝐾𝐾 + 𝜀𝜀𝑡𝑡 (3) 

In most applications, variables 𝑥𝑥𝑘𝑘𝑘𝑘 (𝑘𝑘 = 1, … ,𝐾𝐾) are chosen so that (3) represents a 

Jensen (1968), Fama and French (1993, 2015), or Carhart (1997) type factor model. 

The intercept 𝛽𝛽0 (often called “alpha”) measures the risk-adjusted performance of port-

folio 𝑝𝑝. 

 

2.2.2 Evaluating the performance of a single portfolio with the GPS-model 

By estimating the firm-level GPS-model (1) via (weighted) pooled OLS, we can repli-

cate the results of time-series regression (3). To do so, we set 𝒛𝒛𝑖𝑖𝑖𝑖 = [ 1 ] and 𝒙𝒙𝑡𝑡 =

[ 1   𝑥𝑥1𝑡𝑡   . . .   𝑥𝑥𝐾𝐾𝐾𝐾] to obtain5F

6 

𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝜈𝜈𝑖𝑖𝑖𝑖 =  𝜃𝜃0 +  𝜃𝜃1 𝑥𝑥1𝑡𝑡 +  … +  𝜃𝜃𝐾𝐾  𝑥𝑥𝐾𝐾𝐾𝐾 + 𝜈𝜈𝑖𝑖𝑖𝑖 (4) 

 
6 For consistency with the portfolio sorts approach, throughout Section 2.2 we assume 𝑐𝑐𝑖𝑖 = 0 (for all 𝑖𝑖) 
and omit the firm-specific effects 𝑐𝑐𝑖𝑖 from the analysis. This allows us to estimate GPS-model (1) with 
(weighted) pooled OLS. 
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For mathematical tractability (without loss of generality), we consider a balanced 

panel with N firms, T time periods, and equal weights 𝑤𝑤𝑖𝑖𝑖𝑖 = 1/𝑁𝑁. Under these condi-

tions, the following result holds true:6F

7 

 
Proposition 1 (Single Portfolio) 

• Part A – Coefficient estimates. Estimating linear regression (4) with pooled OLS 

yields coefficient estimates identical to those from time-series regression (3) esti-

mated with OLS, i.e., 𝜃𝜃�𝑘𝑘 ≡ 𝛽̂𝛽𝑘𝑘  (∀ 𝑘𝑘 = 0, 1, … ,𝐾𝐾). 

• Part B – Standard errors. For a given lag length H, Driscoll and Kraay (1998) 

standard errors for 𝜃𝜃�𝑘𝑘 (𝑘𝑘 = 0, 1, … ,𝐾𝐾) in pooled OLS regression (4) coincide with 

Newey and West (1987) standard errors for 𝛽̂𝛽𝑘𝑘 in (3). 

Proof: See Internet Appendix A.1. 

Part A of Proposition 1 follows from a known property of portfolio theory: the 

portfolio beta equals the weighted sum of individual asset betas. Part B of Proposition 

1 is intuitive since the Driscoll and Kraay (1998, p. 552) “covariance matrix estimator 

is precisely the standard Newey and West (1987) heteroskedasticity and serial correla-

tion consistent covariance matrix estimator, applied to the sequence of cross-sectional 

averages” of the moment conditions. 

  

2.2.3 Using the GPS-model to obtain portfolio sorts 

In empirical research, the portfolio sorts procedure often extends beyond a single group 

of firms, as researchers frequently form five or ten portfolios defined by specific char-

acteristics. In many studies, these portfolios are built using a single firm characteristic 

(e.g., the book-to-market ratio), although double or higher-dimensional sorts based on 

multiple firm characteristics are also common. For each portfolio, the researcher then 

evaluates its risk-adjusted performance using a Jensen (1968), Fama and French (1993, 

2015), or Carhart (1997) style time-series regression, as outlined in Section 2.2.1. 

 
7 In our empirical analysis, we also consider unbalanced panels (i.e., time-varying cross-sections) and 
value weighted portfolios. In Section 3, we demonstrate that our theoretical results also hold in this more 
general setup. 
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Formally, in this broader setup, the first step groups firms into characteristic-based 

portfolios 𝑝𝑝 (for 𝑝𝑝 = 1, … ,𝑃𝑃) whose average month-𝑡𝑡 excess return, 𝑟𝑟𝑝𝑝𝑝𝑝, is: 

𝑟𝑟𝑝𝑝𝑝𝑝 = ∑ 𝑤𝑤𝑖𝑖𝑖𝑖
(𝑝𝑝)𝑧𝑧𝑖𝑖𝑖𝑖

(𝑝𝑝)𝑟𝑟𝑖𝑖𝑖𝑖
𝑁𝑁𝑡𝑡
𝑖𝑖=1   (5) 

where 𝑟𝑟𝑖𝑖𝑖𝑖 is the period-𝑡𝑡 excess return of firm 𝑖𝑖, 𝑤𝑤𝑖𝑖𝑖𝑖
(𝑝𝑝) is the beginning-of-period 𝑡𝑡 weight 

of firm 𝑖𝑖 in portfolio 𝑝𝑝, and 𝑧𝑧𝑖𝑖𝑖𝑖
(𝑝𝑝) is a dummy variable equal to one if firm 𝑖𝑖 belongs to 

portfolio 𝑝𝑝, and zero otherwise. For each portfolio 𝑝𝑝, the weights sum to 

∑ 𝑤𝑤𝑖𝑖𝑖𝑖
(𝑝𝑝)𝑧𝑧𝑖𝑖𝑖𝑖

(𝑝𝑝)𝑁𝑁𝑡𝑡
𝑖𝑖=1 = 1, and the period 𝑡𝑡 cross-section comprises 𝑁𝑁𝑡𝑡 = ∑ ∑ 𝑧𝑧𝑖𝑖𝑖𝑖

(𝑝𝑝)𝑁𝑁𝑡𝑡
𝑖𝑖=1

𝑃𝑃
𝑝𝑝=1  

firms. The second step evaluates the (risk-adjusted) performance 𝛽𝛽𝑝𝑝,0 via a 𝐾𝐾-factor 

time-series regression with 𝑟𝑟𝑝𝑝𝑝𝑝 from (5) as the dependent variable: 

𝑟𝑟𝑝𝑝𝑝𝑝 = 𝛽𝛽𝑝𝑝,0 + 𝛽𝛽𝑝𝑝,1𝑥𝑥1𝑡𝑡+ . . . +𝛽𝛽𝑝𝑝,𝐾𝐾𝑥𝑥𝐾𝐾𝐾𝐾 + 𝜀𝜀𝑝𝑝𝑝𝑝 (6) 

If the coefficient estimate 𝛽̂𝛽𝑝𝑝,0 is positive (negative) and statistically significantly dif-

ferent from zero, portfolio 𝑝𝑝 has a positive (negative) alpha.  

Crucially, GPS-model (1) can replicate the results from time-series regression (6) 

for every portfolio 𝑝𝑝 (𝑝𝑝 = 1, … ,𝑃𝑃) by estimating a single firm-level regression with 

(weighted) pooled OLS. To this end, we set 𝒙𝒙𝑡𝑡 = [ 1    𝑥𝑥1𝑡𝑡  . . .   𝑥𝑥𝐾𝐾𝐾𝐾 ] and 𝒛𝒛𝑖𝑖𝑖𝑖 =

[ 𝑧𝑧𝑖𝑖𝑖𝑖
(1)   𝑧𝑧𝑖𝑖𝑖𝑖

(2)  . . .   𝑧𝑧𝑖𝑖𝑖𝑖
(𝑃𝑃)] to obtain  

𝑟𝑟𝑖𝑖𝑖𝑖 = �� 𝑧𝑧𝑖𝑖𝑖𝑖
(1)   𝑧𝑧𝑖𝑖𝑖𝑖

(2)   …   𝑧𝑧𝑖𝑖𝑖𝑖
(𝑃𝑃)� ⊗ [ 1   𝑥𝑥1𝑡𝑡   …   𝑥𝑥𝐾𝐾𝐾𝐾 ]� 𝜽𝜽 + 𝜈𝜈𝑖𝑖𝑖𝑖 

=    𝜃𝜃1,0 𝑧𝑧𝑖𝑖𝑖𝑖
(1)   +  𝜃𝜃1,1 𝑥𝑥1𝑡𝑡𝑧𝑧𝑖𝑖𝑖𝑖

(1)      +        …   +   𝜃𝜃1,𝐾𝐾 𝑥𝑥𝐾𝐾𝐾𝐾𝑧𝑧𝑖𝑖𝑖𝑖
(1) 

+   … 

+    𝜃𝜃𝑃𝑃,0 𝑧𝑧𝑖𝑖𝑖𝑖
(𝑃𝑃)   +  𝜃𝜃𝑃𝑃,1 𝑥𝑥1𝑡𝑡𝑧𝑧𝑖𝑖𝑖𝑖

(𝑃𝑃)     +      …    +   𝜃𝜃𝑃𝑃,𝐾𝐾 𝑥𝑥𝐾𝐾𝐾𝐾𝑧𝑧𝑖𝑖𝑖𝑖
(𝑃𝑃)  +  𝜈𝜈𝑖𝑖𝑖𝑖 

(7) 

Under the assumptions of Proposition 1, and if portfolios 𝑝𝑝 = 1, … ,𝑃𝑃 remain constant 

over time (i.e., 𝑧𝑧𝑖𝑖𝑖𝑖
(𝑝𝑝) = 𝑧𝑧𝑖𝑖

(𝑝𝑝) for all 𝑡𝑡), we obtain:7F

8 

 

 
8 For Proposition 2 to hold in the general case of an unbalanced panel with time-varying portfolios, GPS-
model (7) needs to be estimated with weighted pooled OLS. Details on the weighting scheme reproducing 
the results of portfolio sorts with value-weighted portfolios are provided in Section 3.1.  
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Proposition 2 (Portfolio sorts) 

• Part A – Coefficient estimates. For each portfolio 𝑝𝑝 ∈ {1, … ,𝑃𝑃}, pooled OLS esti-

mates 𝜃𝜃�𝑝𝑝,𝑘𝑘 in (7) match 𝛽̂𝛽𝑝𝑝,𝑘𝑘 from time-series regression (6), i.e., 𝜃𝜃�𝑝𝑝,𝑘𝑘 ≡ 𝛽̂𝛽𝑝𝑝,𝑘𝑘  

(∀ 𝑘𝑘 = 0, 1, … ,𝐾𝐾). 

• Part B – Standard errors. For a given lag length H, Driscoll and Kraay (1998) 

standard errors for 𝜃𝜃�𝑝𝑝,𝑘𝑘 (𝑘𝑘 = 0, 1, … ,𝐾𝐾 and 𝑝𝑝 = 1, … ,𝑃𝑃) in (7) coincide with 

Newey and West (1987) standard errors for 𝛽̂𝛽𝑝𝑝,𝑘𝑘 in (6).  

Proof: See Internet Appendix A.2. 

 

According to Proposition 2, the coefficient estimates in (7) have a clear economic 

interpretation: 𝜃𝜃�𝑝𝑝,0 (𝑝𝑝 = 1, … ,𝑃𝑃) measures the alpha of portfolio 𝑝𝑝, and 𝜃𝜃�𝑝𝑝,𝑘𝑘 (with 𝑘𝑘 =

1, … ,𝐾𝐾) represents portfolio 𝑝𝑝’s exposure to factor 𝑘𝑘. Note that GPS-model (7) repli-

cates a set of 𝑃𝑃 independent time-series regressions (6) through one linear regression at 

the individual firm level. Consequently, a standard Wald test can be used to verify joint 

significance of the 𝑃𝑃 portfolios’ alphas: 

H0:  𝜃𝜃1,0 = 𝜃𝜃2,0 =  …  = 𝜃𝜃𝑃𝑃,0 = 0         vs.    

H1:  𝜃𝜃𝑝𝑝,0 ≠ 0  for at least one 𝑝𝑝 ∈ {1, … ,𝑃𝑃} 
(8) 

This multiple hypothesis test provides an alternative to the widely used Gibbons, Ross, 

and Shanken (1989) or “GRS” test. Estimating (7) with Driscoll and Kraay (1998) 

standard errors ensures valid statistical inference even if 𝜈𝜈𝑖𝑖𝑖𝑖 is heteroskedastic, autocor-

related, and cross-sectionally dependent. 

 

2.2.4 Performance differences between two portfolios 

The portfolio sorts approach is also widely used to test whether the alpha of a top group 

portfolio differs from that of a bottom group portfolio. For example, to analyze whether 

the decile-portfolio of the highest book-to-market firms (“value stocks”) outperforms 

the decile of the lowest book-to-market firms (“growth stocks”), the first step computes 

average month-𝑡𝑡 excess returns for both top and bottom group portfolios: 
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𝑟𝑟𝑝𝑝,𝑡𝑡 = ∑ 𝑤𝑤𝑖𝑖𝑖𝑖
(𝑝𝑝)𝑧𝑧𝑖𝑖𝑖𝑖

(𝑝𝑝)𝑟𝑟𝑖𝑖𝑖𝑖
𝑁𝑁𝑡𝑡
𝑖𝑖=1   (9) 

where 𝑟𝑟𝑖𝑖𝑖𝑖 is the period 𝑡𝑡 excess return of firm 𝑖𝑖, 𝑧𝑧𝑖𝑖𝑖𝑖
(𝑝𝑝) is a dummy variable equal to one 

if firm 𝑖𝑖 belongs to group 𝑝𝑝 (𝑝𝑝 = ℎ𝑖𝑖𝑖𝑖ℎ, 𝑙𝑙𝑙𝑙𝑙𝑙), and zero otherwise.8F

9 In both portfolios, 

weights sum to ∑ 𝑤𝑤𝑖𝑖𝑖𝑖
(𝑝𝑝)𝑧𝑧𝑖𝑖𝑖𝑖

(𝑝𝑝)𝑁𝑁𝑡𝑡
𝑖𝑖=1 = 1. The difference in returns between the two portfolios 

is: 

Δ𝑟𝑟𝑝𝑝,𝑡𝑡 = 𝑟𝑟ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡 − 𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡  (10) 

The second step then evaluates the risk-adjusted performance of the zero-investment 

portfolio (10) using a 𝐾𝐾-factor time-series regression: 

Δ𝑟𝑟𝑝𝑝,𝑡𝑡 = 𝛽𝛽Δ0 + 𝛽𝛽Δ1𝑥𝑥1𝑡𝑡+ . . . +𝛽𝛽Δ𝐾𝐾𝑥𝑥𝐾𝐾𝐾𝐾 + 𝜀𝜀Δ𝑡𝑡 (11) 

If 𝛽̂𝛽Δ0 exceeds zero (and is significant), the “ℎ𝑖𝑖𝑖𝑖ℎ” portfolio is considered to outperform 

the “𝑙𝑙𝑙𝑙𝑙𝑙” portfolio.  

Estimating GPS-model (1) with (weighted) pooled OLS, we can replicate the re-

sults of (11). For that purpose, we confine the sample to the top and bottom group port-

folios and set  𝒛𝒛𝑖𝑖𝑖𝑖 = [ 1   𝑧𝑧𝑖𝑖𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)] and 𝒙𝒙𝑡𝑡 = [ 1   𝑥𝑥1𝑡𝑡   . . .   𝑥𝑥𝐾𝐾𝐾𝐾  ] to obtain: 

𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝜈𝜈𝑖𝑖𝑖𝑖 

=  𝜃𝜃𝑙𝑙𝑙𝑙𝑙𝑙,0           +  𝜃𝜃𝑙𝑙𝑙𝑙𝑙𝑙,1 𝑥𝑥1𝑡𝑡          +       . . .       +  𝜃𝜃𝑙𝑙𝑙𝑙𝑙𝑙,𝐾𝐾 𝑥𝑥𝐾𝐾𝐾𝐾 

+  𝜃𝜃Δ0 𝑧𝑧𝑖𝑖𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)  +  𝜃𝜃Δ1 𝑥𝑥1𝑡𝑡𝑧𝑧𝑖𝑖𝑖𝑖

(ℎ𝑖𝑖𝑖𝑖ℎ)  +       . . .       +  𝜃𝜃Δ𝐾𝐾 𝑥𝑥𝐾𝐾𝐾𝐾𝑧𝑧𝑖𝑖𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)   +    𝜈𝜈𝑖𝑖𝑖𝑖 

(12) 

Under the assumptions of Proposition 1, and assuming the “ℎ𝑖𝑖𝑖𝑖ℎ”  and “𝑙𝑙𝑙𝑙𝑙𝑙” portfolios 

remain constant over time, the following holds:9F

10 

 
  

 
9 For simplicity but without loss of generality, we label the portfolios as “high” and “low” here. However, 
subscript 𝑝𝑝 could also refer to “IPO firms” and “mature firms”, “firms with a female CEO” and “firms 
with a male CEO”, or any other set of two portfolios that are meant to be compared. 
10 For Proposition 3 to hold in the general case of an unbalanced panel with time-varying portfolios, 
regression (12) has to be estimated with weighted pooled OLS. See Section 3.3 for details. 
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Proposition 3 (Performance difference between two groups) 

Part A – Coefficient estimates.  

Pooled OLS estimates 𝜃𝜃�Δk in GPS-model (12) match 𝛽̂𝛽Δ𝑘𝑘 in time-series regression (11), 

i.e., 𝜃𝜃�Δ𝑘𝑘 ≡ 𝛽̂𝛽Δ𝑘𝑘 (∀ 𝑘𝑘 = 0, 1, … ,𝐾𝐾). Likewise, 𝜃𝜃�𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 in (12) matches 𝛽̂𝛽𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 from (6) for 

portfolio p=“low”. 

Part B – Standard errors.  

For a given lag length 𝐻𝐻, Driscoll and Kraay (1998) standard errors for 𝜃𝜃�Δ𝑘𝑘 (∀ 𝑘𝑘 =

0, 1, … ,𝐾𝐾) in (12) coincide with Newey and West (1987) standard errors for 𝛽̂𝛽Δ𝑘𝑘 in 

(11). Similarly, Driscoll and Kraay (1998) standard errors for 𝜃𝜃�𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 in (12) match the 

Newey and West (1987) standard errors for 𝛽̂𝛽𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 in time-series regression (6) for 

portfolio p=“low”. 

Proof: See Internet Appendix A.3. 

While Proposition 3 shows how to use the GPS-model for analyzing performance 

differences between two portfolios, the GPS-model can be further generalized to com-

pare a base portfolio (e.g., portfolio 𝑝𝑝 = 1) with any other (e.g., quintile or decile) port-

folio. Assuming that portfolio 𝑝𝑝 = 1 is the base portfolio, we set 𝒛𝒛𝑖𝑖𝑖𝑖 =

[ 1    𝑧𝑧𝑖𝑖𝑖𝑖
(2)  . . .   𝑧𝑧𝑖𝑖𝑖𝑖

(𝑃𝑃)] and 𝒙𝒙𝑡𝑡 = [ 1   𝑥𝑥1𝑡𝑡   . . .   𝑥𝑥𝐾𝐾𝐾𝐾  ] to obtain: 

𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝜈𝜈𝑖𝑖𝑖𝑖 

=  𝜃𝜃1,0                    +  𝜃𝜃1,1 𝑥𝑥1𝑡𝑡                  +  …   +   𝜃𝜃1,𝐾𝐾 𝑥𝑥𝐾𝐾𝐾𝐾  

+  𝜃𝜃Δ(2→1),0 𝑧𝑧𝑖𝑖𝑖𝑖
(2)   + 𝜃𝜃Δ(2→1),1 𝑥𝑥1𝑡𝑡𝑧𝑧𝑖𝑖𝑖𝑖

(2)   +  …   +   𝜃𝜃Δ(2→1),K 𝑥𝑥𝐾𝐾𝐾𝐾𝑧𝑧𝑖𝑖𝑖𝑖
(2)  

+   … 

+    𝜃𝜃Δ(𝑃𝑃→1),0 𝑧𝑧𝑖𝑖𝑖𝑖
(𝑃𝑃) +  𝜃𝜃Δ(𝑃𝑃→1),1 𝑥𝑥1𝑡𝑡𝑧𝑧𝑖𝑖𝑖𝑖

(𝑃𝑃)  +  …  + 𝜃𝜃Δ(𝑃𝑃→1),𝐾𝐾 𝑥𝑥𝐾𝐾𝐾𝐾𝑧𝑧𝑖𝑖𝑖𝑖
(𝑃𝑃)  +   𝜈𝜈𝑖𝑖𝑖𝑖  

(13) 

A direct consequence of Propositions 2 and 3 is: 
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Corollary 1 (Relative performance versus a base portfolio) 

𝜃𝜃�Δ(𝑝𝑝→1),𝑘𝑘 from (13) equals 𝛽̂𝛽Δ𝑘𝑘 in (11) (∀ 𝑘𝑘 = 0, 1, … ,𝐾𝐾). Furthermore, Driscoll and 

Kraay (1998) standard errors for 𝜃𝜃�Δ(𝑝𝑝→1),𝑘𝑘 from (13) match the Newey and West (1987) 

standard errors for 𝛽̂𝛽Δ𝑘𝑘 in (11). 

∎ 

 
 

2.3 Applications of the GPS-model beyond traditional portfolio sorts 

Standard portfolio sorts face several drawbacks. First, they are generally limited to an-

alyzing only a few firm characteristics (Cochrane, 2011), making it challenging to test 

competing hypotheses. Second, it is difficult to assess the functional relationship across 

multiple portfolios, so that researchers often focus on a comparison of top and bottom 

portfolios for simplicity (Patton and Timmermann, 2010). Third, the results in Section 

2.2 imply that standard portfolio sorts implicitly assume the random effects (RE) as-

sumption to hold. This follows from the fact that GPS-model (1) must be estimated with 

pooled OLS (which is only consistent under the RE assumption) in order to replicate 

the outcomes of portfolio sorts. Consequently, if firm-specific effects exist and corre-

late with the explanatory variables, apparent characteristic-based return predictability 

may reflect long-lived firm-level traits rather than genuine return predictability. 

The GPS-model proposed in this paper does not suffer from these limitations and 

therefore supports research questions beyond the scope of standard portfolio sorts. We 

now consider a series of such applications. First, we show how to interpret results from 

GPS-models that incorporate multiple (or continuous) firm characteristics. Then, we 

discuss consistent estimation of the GPS-model in the presence of firm-specific effects, 

and we propose a Hausman (1978)-type specification test to detect whether persistent 

firm-level heterogeneity is conflated with true characteristic-based predictability. This 

test clarifies when fixed effects are indispensable and thereby ensures that stable firm 

attributes do not overshadow genuine return predictors. 
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2.3.1 Multivariate and continuous firm characteristics 

GPS-model (1) can be specified so that 𝒛𝒛𝑖𝑖𝑖𝑖 contains multiple binary or continuous firm 

characteristics. When specified this way, the GPS-model addresses the “multidimen-

sional challenge” of standard portfolio sorts (Cochrane, 2011) and provides a straight-

forward framework for formal tests of competing hypotheses and for robustness checks.  

Despite this flexibility, the GPS-model retains a clear economic interpretation even 

when multiple firm characteristics are included. To illustrate this, we consider a CAPM 

factor structure and two firm characteristics.10F

11 Let 𝑟𝑟𝑚𝑚𝑚𝑚 be the period-𝑡𝑡 market return in 

excess of the risk-free rate, and specify 𝒙𝒙𝑡𝑡 = [ 1    𝑟𝑟𝑚𝑚𝑚𝑚] and 𝒛𝒛𝑖𝑖𝑖𝑖 = � 1    𝑧𝑧1,𝑖𝑖𝑖𝑖   𝑧𝑧2,𝑖𝑖𝑖𝑖 �. As-

suming no firm-specific effects (𝑐𝑐𝑖𝑖 = 0  ∀𝑖𝑖), we obtain: 

𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝜈𝜈𝑖𝑖𝑖𝑖 = �� 1     𝑧𝑧1,𝑖𝑖𝑖𝑖     𝑧𝑧2,𝑖𝑖𝑖𝑖 � ⊗ [ 1     𝑟𝑟𝑚𝑚𝑚𝑚 ]� 𝜽𝜽+𝜈𝜈𝑖𝑖𝑖𝑖 

= �𝜃𝜃𝛼𝛼0 + 𝜃𝜃𝛼𝛼1𝑧𝑧1,𝑖𝑖𝑖𝑖 + 𝜃𝜃𝛼𝛼2𝑧𝑧2,𝑖𝑖𝑖𝑖� + �𝜃𝜃𝛽𝛽0 + 𝜃𝜃𝛽𝛽1𝑧𝑧1,𝑖𝑖𝑖𝑖 + 𝜃𝜃𝛽𝛽2𝑧𝑧2,𝑖𝑖𝑖𝑖� × 𝑟𝑟𝑚𝑚𝑚𝑚 + 𝜈𝜈𝑖𝑖𝑖𝑖 

≡ 𝛼𝛼𝑖𝑖𝑖𝑖  +  𝛽𝛽𝑖𝑖𝑖𝑖 × 𝑟𝑟𝑚𝑚𝑚𝑚 +  𝜈𝜈𝑖𝑖𝑖𝑖 

(14) 

where 𝛼𝛼𝑖𝑖𝑖𝑖 = 𝜃𝜃𝛼𝛼0 + 𝜃𝜃𝛼𝛼1𝑧𝑧1,𝑖𝑖𝑖𝑖  + 𝜃𝜃𝛼𝛼2𝑧𝑧2,𝑖𝑖𝑖𝑖 and 𝛽𝛽𝑖𝑖𝑖𝑖 = 𝜃𝜃𝛽𝛽0 + 𝜃𝜃𝛽𝛽1𝑧𝑧1,𝑖𝑖𝑖𝑖  + 𝜃𝜃𝛽𝛽2𝑧𝑧2,𝑖𝑖𝑖𝑖. Thus, the 

GPS-model decomposes the risk-adjusted performance 𝛼𝛼𝑖𝑖𝑖𝑖 and the factor exposure 𝛽𝛽𝑖𝑖𝑖𝑖 

according to the firm characteristics in 𝒛𝒛𝑖𝑖𝑖𝑖. Hence, 𝛼𝛼𝑖𝑖𝑖𝑖 and 𝛽𝛽𝑖𝑖𝑖𝑖 in (14) represent condi-

tional measures. For instance, suppose an estimation of (14) yields: 

𝑟𝑟𝑖𝑖𝑖𝑖 = 𝛼𝛼�𝑖𝑖𝑖𝑖  +  𝛽̂𝛽𝑖𝑖𝑖𝑖 ×  𝑟𝑟𝑚𝑚𝑚𝑚 + 𝜈𝜈𝑖𝑖𝑖𝑖  

= (0.2 + 0.5𝑧𝑧1 − 0.8𝑧𝑧2)  +  (0.8 − 0.3𝑧𝑧1 + 0.1𝑧𝑧2) × 𝑟𝑟𝑚𝑚𝑚𝑚 + 𝜈𝜈𝑖𝑖𝑖𝑖 

In this case, the alpha loads positively on firm characteristic 𝑧𝑧1 and negatively on 𝑧𝑧2, 

so that firms with higher 𝑧𝑧1 and lower 𝑧𝑧2 have higher 𝛼𝛼�𝑖𝑖𝑖𝑖. The beta, on the other hand, 

loads negatively on firm characteristic 𝑧𝑧1 and positively on 𝑧𝑧2. 

When persistent firm-specific effects are present and correlate with the firm char-

acteristics in 𝒛𝒛𝑖𝑖𝑖𝑖, (weighted) pooled OLS no longer yields consistent estimates. In this 

case, GPS-model (14) must be estimated using the fixed effects (FE) estimator to ensure 

 
11 Note that the specification of vectors 𝒙𝒙𝑡𝑡 and 𝒛𝒛𝑖𝑖𝑖𝑖 can easily be extended to comprise multiple factor 
variables or firm characteristics without changing the logic of how to interpret the results from estimating 
a GPS-model. 
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valid statistical inference. Importantly, this does not affect the interpretation of the 

GPS-model results. The key coefficients remain 𝜃𝜃�𝛼𝛼,1 and 𝜃𝜃�𝛼𝛼,2, which measure by how 

much the Jensen alpha changes if 𝑧𝑧1,𝑖𝑖𝑖𝑖 or 𝑧𝑧2,𝑖𝑖𝑖𝑖 shifts by one unit. By contrast, 𝜃𝜃�𝛼𝛼,0 de-

pends on the sample means of 𝑧𝑧1,𝑖𝑖𝑖𝑖 and 𝑧𝑧2,𝑖𝑖𝑖𝑖, making it less informative. Under FE es-

timation, the intercept 𝜃𝜃�𝛼𝛼,0 drops out via the within-transformation, while the slope co-

efficients of interest remain consistently estimated. Hence, the GPS-model’s economic 

interpretation does not change, regardless of whether it is estimated with or without 

firm fixed effects. 

 

2.3.2 Portfolio sorts specification test as a diagnostic tool for factor validation 

In this section, we derive a Hausman (1978) type “portfolio sorts specification test” to 

analyze whether the RE assumption holds in a conventional portfolio sorts setup. For 

this purpose, we start with GPS-model (12), thereby confining the sample to the top 

and bottom group portfolios, and denoting a dummy variable that is equal to one if firm 

𝑖𝑖 belongs to the top group portfolio (e.g., the top quintile or top decile portfolio) by 

𝑧𝑧𝑖𝑖𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ): 

 

𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝑐𝑐𝑖𝑖 + 𝜈𝜈𝑖𝑖𝑖𝑖 

= �[ 1     𝑧𝑧𝑖𝑖𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)] ⨂[1    𝑥𝑥1𝑡𝑡   …  𝑥𝑥𝐾𝐾𝐾𝐾]� 𝜽𝜽 + 𝑐𝑐𝑖𝑖 + 𝜈𝜈𝑖𝑖𝑖𝑖 

Using Mundlak’s (1978) correlated RE assumption, we then model 𝑐𝑐𝑖𝑖 as 

𝑐𝑐𝑖𝑖 = � �𝜉𝜉𝑘𝑘𝑞𝑞�𝑘𝑘𝑘𝑘

𝐾𝐾

𝑘𝑘=0

� + 𝑢𝑢𝑖𝑖 ≡ 𝒒𝒒�𝒊𝒊𝝃𝝃 + 𝑢𝑢𝑖𝑖 (15) 

where 𝑢𝑢𝑖𝑖 is a mean-zero firm-specific effect uncorrelated with (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡), and  𝑞𝑞�𝑘𝑘𝑘𝑘 is 

firm 𝑖𝑖’s time-series average of the interaction between dummy variable 𝑧𝑧𝑖𝑖𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ) and 
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factor variable (or constant) 𝑥𝑥𝑘𝑘𝑘𝑘. We collect all such time-series averages in row vector 

𝒒𝒒�𝒊𝒊 and store the 𝜉𝜉𝑘𝑘 coefficients in column vector 𝝃𝝃.11F

12 

Replacing 𝑐𝑐𝑖𝑖 in GPS-model (12) with the expression in (15) yields: 

𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝒒𝒒�𝒊𝒊𝝃𝝃 + 𝜐𝜐𝑖𝑖𝑖𝑖 (16) 

where 𝜐𝜐𝑖𝑖𝑖𝑖 = 𝑢𝑢𝑖𝑖 + 𝜈𝜈𝑖𝑖𝑖𝑖 is a mean zero disturbance that is uncorrelated with (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡). 

As shown in Wooldridge (2010, Chapter 10.7.3), regression (16) forms a regression-

based variant of the Hausman (1978) specification test. The pooled OLS estimates for 

𝜽𝜽 represent the fixed effects (or “within”) coefficient estimates, while the pooled OLS 

estimates for 𝝃𝝃 capture by how much the between estimator differs from the fixed ef-

fects estimator. To ensure robust inference, we estimate (16) with Driscoll and Kraay 

(1998) standard errors that are robust to cross-sectional dependence, autocorrelation, 

and heteroskedasticity. A test of 

H0:    𝝃𝝃 = 0         vs.       H1:  𝝃𝝃 ≠ 0  (17) 

in (16) then represents our “portfolio sorts specification test”. If the null hypothesis of 

𝝃𝝃 = 0 is not rejected, the RE assumption can be accepted, and standard portfolio sorts 

are likely valid. However, if the null hypothesis is rejected, the analysis suggests that 

part of the alpha stems from stable, firm-level traits rather than from the sorting char-

acteristic itself, indicating that a GPS-model with firm fixed effects should be used in-

stead. Our portfolio sorts specification test thus provides a novel diagnostic tool for 

addressing the factor zoo (Cochrane, 2011). By clarifying whether the random effects 

(RE) assumption holds, the test helps distinguishing factors that genuinely predict stock 

returns from those whose apparent predictability arises primarily from correlation with 

persistent firm-level attributes. 

 

3. Empirical Analysis using the GPS-model 

In this section, we begin by empirically validating Propositions 1 through 3 from Sec-

tion 2. For illustrative purposes and ease of exposition, we initially focus on a single 

 
12 In an unbalanced panel, the time-series averages of the factor variables in vector 𝒙𝒙𝑡𝑡 vary across firms. 
Therefore, when working with an unbalanced panel, they have to be included in vector 𝒒𝒒�𝒊𝒊 as well. 
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firm characteristic – operating profitability (Ball et al., 2015) – to demonstrate how the 

GPS-model replicates standard portfolio sorts and highlights the role of persistent firm-

level heterogeneity. We then assess the broader implications of unobserved heteroge-

neity in portfolio-based asset pricing tests by estimating multiple GPS-model specifi-

cations (with and without firm fixed effects) for the 94 firm-level asset pricing predic-

tors in Gu et al. (2020, 2021). All our empirical analyses use the merged CRSP-Com-

pustat database (stock returns and market capitalization), combined with the asset pric-

ing predictors from Dacheng Xiu’s website12F

13 and the market-level factor returns from 

Kenneth French’s data library.13F

14 The sample period extends from July 1963 to Decem-

ber 2019. 

 

3.1 The performance of a single portfolio 

To empirically validate Proposition 1, we begin with the standard portfolio sorts ap-

proach. Each month, we sort stocks into quintiles based on NYSE breakpoints and hold 

the resulting portfolios for the subsequent month. For each portfolio 𝑝𝑝 (𝑝𝑝 = 1, … ,5), we 

compute monthly value-weighted excess returns (𝑟𝑟𝑝𝑝𝑝𝑝) as 

𝑟𝑟𝑝𝑝𝑝𝑝 = ∑ 𝑤𝑤𝑖𝑖𝑖𝑖
(𝑝𝑝) 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(𝑝𝑝) 𝑟𝑟𝑖𝑖𝑖𝑖
𝑁𝑁𝑡𝑡
𝑖𝑖=1   (18) 

where 𝑤𝑤𝑖𝑖𝑖𝑖
(𝑝𝑝) is the beginning-of-month 𝑡𝑡 weight of stock 𝑖𝑖 in quintile portfolio 𝑝𝑝, 𝑟𝑟𝑖𝑖𝑖𝑖 is 

stock 𝑖𝑖’s month-𝑡𝑡 excess return, 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(𝑝𝑝) is a dummy variable equal to one if stock 

𝑖𝑖 belongs to operating profitability portfolio 𝑝𝑝 in month 𝑡𝑡, and 𝑁𝑁𝑡𝑡 is the total number of 

stocks that month.  

Using 𝑟𝑟𝑝𝑝𝑝𝑝 from (18) as the dependent variable, we estimate the Fama and French 

(1993) three-factor model:14F

15 

 
13 Data on the 94 stock-level predictor variables can be retrieved at: https://dachxiu.chicagobooth.edu/ 
14 Data on the Fama and French factors are from https://mba.tuck.dartmouth.edu/pages/fac-
ulty/ken.french/data_library.html.  
15 For ease of exposition, we restrict the analysis in Sections 3.1 to 3.5 to the Fama and French (1993) 
three factor model. When demonstrating the importance of firm fixed effects for characteristics-based 
asset pricing tests more broadly in Section 3.6, we consider a wide range of factor models including the 
market model, the Fama and French (1993, 2015) three- and five-factor models, and the Carhart (1997) 
model. 

https://dachxiu.chicagobooth.edu/
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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𝑟𝑟𝑝𝑝𝑝𝑝 = 𝛼𝛼 + 𝛽𝛽𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡  +   𝛽𝛽𝑆𝑆𝑆𝑆𝑆𝑆 𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡  +  𝛽𝛽𝐻𝐻𝐻𝐻𝐻𝐻 𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡  + 𝜀𝜀𝑡𝑡 (19) 

where 𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡 is the market excess return, 𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡 is the return of a zero-investment size 

portfolio, and 𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡 is the return of a zero-investment book-to-market portfolio. 

According to Proposition 1, the results from estimating time-series regression (19) 

for portfolio 𝑝𝑝 can be replicated by estimating the following GPS-model (1): 

𝑟𝑟𝑖𝑖𝑖𝑖 = 𝜃𝜃𝛼𝛼  +  𝜃𝜃𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡   +   𝜃𝜃𝑆𝑆𝑆𝑆𝑆𝑆  𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡   +   𝜃𝜃𝐻𝐻𝐻𝐻𝐻𝐻  𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡  +  𝜈𝜈𝑖𝑖𝑖𝑖 (20) 

As we consider a single portfolio 𝑝𝑝, GPS-model (20) only includes observations for 

which 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(𝑝𝑝) = 1 (i.e., the stocks in portfolio 𝑝𝑝). To match the portfolio sorts 

methodology, we must account for the following. First, the portfolio returns in (18) are 

value-weighted returns (not equal-weighted returns). Second, the CRSP-Compustat da-

tabase forms an unbalanced panel with time-varying cross-sections. Hence, we estimate 

GPS-model (20) by weighted pooled OLS, aligning the observation weights with the 

(implicit) weighting scheme in (18). Specifically, we set:  

𝑤𝑤𝑖𝑖𝑖𝑖 =
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(𝑝𝑝)𝑀𝑀𝐸𝐸𝑖𝑖𝑖𝑖
∑ �𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(𝑝𝑝)𝑀𝑀𝐸𝐸𝑖𝑖𝑖𝑖�
𝑁𝑁𝑡𝑡
𝑖𝑖=1

 (21) 

where 𝑀𝑀𝐸𝐸𝑖𝑖𝑖𝑖 is the beginning-of-month 𝑡𝑡 market value of equity for stock 𝑖𝑖. 

Table 1 reports the results for the top-quintile portfolio sorted on operating profit-

ability. The first row (“Portfolio sorts approach”) shows the results from OLS estima-

tion of time-series regression (19), with Newey and West (1987) standard errors (lag-

length of three months). In line with Ball et al. (2015), this top-quintile portfolio has a 

statistically significant Fama and French (1993) alpha of +0.21% per month, or +2.47% 

per year. The second row (“GPS-model (weighted pooled OLS)”) presents estimates of 

GPS-model (20) under weighted pooled OLS, using Driscoll and Kraay (1998) standard 

errors (also with a lag-length of three months). The estimates match those from time-

series regression (19), empirically validating Proposition 1 and demonstrating that 

GPS-model (20) precisely replicates the portfolio sorts approach when the RE assump-

tion holds. 
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3.2 Analyzing portfolio sorts with the GPS-model 

According to Proposition 2, GPS-model (1) can be specified so that it exactly repro-

duces the results of multiple sorted portfolios through a single firm-level regression. To 

validate Proposition 2 empirically, we apply the portfolio sorts procedure from Section 

3.1 to each of the five operating profitability quintile portfolios. Panel A of Table 2 

shows the results. Consistent with Ball et al. (2015), the alphas increase monotonically 

with operating profitability. While the lowest-profitability (𝑝𝑝 = 1) portfolio has a sta-

tistically significant negative alpha of -0.32% per month, the top-quintile (𝑝𝑝 = 5) port-

folio exhibits a statistically significant positive alpha of +0.21% per month. 

To replicate these results from portfolio sorts using the GPS-model, we estimate 

regression (7) via weighted pooled OLS. We set the weight of observation 𝑖𝑖𝑖𝑖 equal to 

stock 𝑖𝑖’s value-weight in the respective operating profitability portfolio (see equation 

21). Panel B of Table 2 presents the results in a two-dimensional matrix. The portfolio 

dummy variables in 𝒛𝒛𝑖𝑖𝑖𝑖 = � 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(1)     𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(2)    ⋯    𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(5)� define 

the columns, and the factor variables in 𝒙𝒙𝑡𝑡 = [ 1   𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡   𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡   𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡] define the 

rows. Each element of this matrix represents a coefficient estimate (and its t-statistic) 

for the interaction between 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(𝑝𝑝) and factor variable (or constant) 𝑥𝑥𝑘𝑘𝑘𝑘. 

A comparison of Panels A and B in Table 2 shows that both the estimates and t-

statistics (based on Driscoll-Kraay standard errors) from the GPS-model match those 

from the portfolio sorts approach. This finding supports Proposition 2, demonstrating 

that, when the random effects (RE) assumption holds, a single firm-level regression can 

fully replicate the alpha and factor exposures obtained from multiple sorted portfolios. 

 
3.3 Top versus bottom portfolio performance 

To empirically confirm Proposition 3, we first apply the standard portfolio sorts ap-

proach to measure the performance difference between the top (𝑝𝑝 = 5) and bottom (𝑝𝑝 =

1) quintile portfolios sorted on operating profitability. To this end, we first compute the 

month 𝑡𝑡 excess returns (𝑟𝑟𝑝𝑝𝑝𝑝) for the top and bottom quintile portfolios as outlined in 

expression (18) above. We then estimate time-series regression (19) using 

Δ𝑟𝑟𝑝𝑝𝑝𝑝 = 𝑟𝑟5,𝑡𝑡 − 𝑟𝑟1,𝑡𝑡 as the dependent variable. Panel A of Table 3 reports the results. On 
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a risk-adjusted basis, the portfolio of stocks with high operating profitability outper-

forms the low-profitability portfolio by a significant +0.52% per month (or +6.29% per 

year). Despite a slightly different sample period, the coefficient estimates and t-values 

are very similar to those reported in Table 6 of Ball et al. (2015). 

To replicate these portfolio sorts results via a regression on the individual firm-

level, we estimate GPS-model (12) with weighted pooled OLS. Here, we restrict the 

sample to stocks with top (𝑝𝑝 = 5) or bottom (𝑝𝑝 = 1) quintile operating profitability and 

set the observation weights equal to the stocks’ value-weights in their operating profit-

ability portfolio. Panel B of Table 3 reports the results in a two-dimensional matrix. 

The elements of vector 𝒛𝒛𝑖𝑖𝑖𝑖 = � 1   𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(5)� define the columns while the factor 

variables in 𝒙𝒙𝑡𝑡 = [ 1    𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡   𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡   𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡 ] identify the rows. All elements in the 

results matrix thus represent coefficient estimates (and t-statistics based on Driscoll-

Kraay standard errors) for interactions between the elements in 𝒛𝒛𝑖𝑖𝑖𝑖 and those in 𝒙𝒙𝑡𝑡. The 

GPS-model estimates in Panel B match the portfolio sorts results in Panel A, thereby 

empirically validating Proposition 3. 

   
3.4 Testing the validity of standard portfolio sorts 

As demonstrated above, GPS-model (1) estimated with (weighted) pooled OLS can 

replicate the results of standard portfolio sorts. This implies, however, that portfolio 

sorts remain valid only if the random effects (RE) assumption holds. We now examine 

whether any firm-specific effects (if present) are indeed uncorrelated with the charac-

teristic(s) used for portfolio formation. To test the validity of standard portfolio sorts, 

we employ the “portfolio sorts specification test” from Section 2.3.2. 

To this end, we confine the sample to stocks with top (p=5) or bottom (p=1) quintile 

operating profitability and estimate the correlated RE model (16) by specifying 𝒛𝒛𝑖𝑖𝑖𝑖 =

[ 1    𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(5) ] and 𝒙𝒙𝑡𝑡 = [ 1    𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡    𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡    𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡], and by adding the firm-

specific time-series averages (collected in 𝒒𝒒�𝒊𝒊) of all variables in (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) to the re-

gression. Table 4 reports the results of estimating the resulting regression 𝑟𝑟𝑖𝑖𝑖𝑖 =

(𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝒒𝒒�𝒊𝒊𝝃𝝃 + 𝜀𝜀𝑖𝑖𝑖𝑖 with pooled OLS, weighting observations by each stock’s be-

ginning-of-month 𝑡𝑡 value-weight in the operating profitability quintile portfolios.  
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The results are reported in matrix form. The first block of results, labeled “Coeffi-

cient estimates on explanatory variables 𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡”, provides the estimation results for 

vector 𝜽𝜽 in similar format as in Panel B of Table 3. The second block of Table 4, labeled 

“Coefficient estimates on firm-specific time-series averages”, reports the results for 

vector 𝝃𝝃. As discussed in Section 2.3.2, standard portfolio sorts remain valid if the co-

efficients in 𝝃𝝃 are jointly equal to zero. However, if the null hypothesis of 𝝃𝝃 = 0 is 

rejected, the random effects (RE) assumption fails, likely invalidating standard portfo-

lio sorts. Applying Wald test (17) yields an F-statistic of 3.04, rejecting 𝝃𝝃 = 0 at all 

conventional levels of statistical significance. Thus, for portfolio sorts on operating 

profitability, the RE assumption does not hold, necessitating a GPS-model (1) that in-

cludes firm fixed effects. Taken together, Tables 3 and 4 illustrate that firm fixed effects 

(and thus unobservable heterogeneity across firms) can significantly affect the results 

of empirical asset pricing tests, underscoring the need to control for persistent firm-

level components. 

Figure 1 confirms this graphically. Panel A plots the GPS-model-estimated firm 

fixed effects against operating profitability, while Panel B does the same for an invest-

ment factor (defined as capital expenditures plus inventory), shown elsewhere to ex-

plain the cross-section of returns (e.g., Fama and French, 2015; Hou et al., 2015). Op-

erating profitability is strongly correlated with the firm fixed effects (ρ = 0.34), whereas 

the investment factor shows only a weak correlation (ρ = 0.02). Accordingly, we expect 

the investment factor to remain a more robust predictor than operating profitability once 

firm fixed effects enter the analysis. Indeed, re-estimating GPS-models under the FE 

estimator confirms that while operating profitability loses significance, the investment 

factor persists as a genuine predictor of the cross-section of average returns (see subse-

quent Section 3.5). 

 
3.5 Firm fixed effects and continuous and multivariate firm characteristics 

In this section, we illustrate how the GPS-model provides a versatile framework for 

investigating stock return predictability and assessing the role of firm fixed effects. To 

demonstrate the handling of multiple and continuous firm characteristics, we augment 

our model with two additional firm characteristics: 
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𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝑒𝑒𝑖𝑖𝑖𝑖 

= ([1    𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖    𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖    𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖]

⊗ [ 1    𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡     𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡   𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡]) 𝜽𝜽 + 𝑒𝑒𝑖𝑖𝑖𝑖 

(22) 

where 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖 is operating profitability, 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 measures capital expenditures and 

inventory, and 𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖 is a 12-month momentum factor. The firm-characteristics 

in vector 𝒛𝒛𝑖𝑖𝑖𝑖 relate to factors included in popular factor models other than the Fama and 

French (1993) factor model, for instance in the Fama and French (2015) five-factor 

model and the Carhart (1997) four-factor model.15F

16 The variables in 𝒙𝒙𝑡𝑡 =

[ 1   𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡   𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡   𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡] consist of a constant and the three Fama and French (1993) 

factors.  

Panel A of Table 5 presents the results from estimating GPS-model (22) with 

weighted pooled OLS, where observation weights are set equal to the firms’ month 𝑡𝑡 

value weights. For brevity, we focus on the coefficients that decompose the Fama-

French three-factor model alpha.16F

17 In Column (1), we estimate regression (22) with 

𝒛𝒛𝑖𝑖𝑖𝑖 = [1  𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖]. The results show that alpha increases with operating profitabil-

ity. In line with Ball et al. (2015), the coefficient estimate is positive (+1.74) and highly 

statistically significant. In Column (2), we estimate GPS-model (22) with 𝒛𝒛𝑖𝑖𝑖𝑖 =

[1  𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖]. Here the coefficient estimate is negative and significant, consistent with 

Chen et al. (2011) and Fama and French (2015). In Column (3), we estimate GPS-model 

(22) with 𝒛𝒛𝑖𝑖𝑖𝑖 = [1  𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖] and find alpha to increase in the momentum factor, a 

finding consistent with the empirical literature on momentum strategies and factors 

(e.g., Jegadeesh and Titman, 1993). Finally, Column (4) takes advantage of the GPS-

model’s capability to handle multiple firm characteristics. Estimating regression (22) 

with 𝒛𝒛𝑖𝑖𝑖𝑖 = [1    𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖    𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖    𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖], yields similar coefficients and t-

statistics as when estimated individually in Columns (1) to (3). 

 
16 While the selection of firm characteristics clearly is arbitrary, this analysis only serves illustrative 
purposes. In Section 3.6, we empirically test the robustness of all 94 firm characteristics in the Gu et al. 
(2020, 2021) database. 
17 Note that conditional on firm 𝑖𝑖’s characteristics in period 𝑡𝑡, the Fama-French three-factor model alpha 
is obtained as 𝛼𝛼�𝑖𝑖𝑖𝑖 =  𝜃𝜃�0 + 𝜃𝜃�1 × 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖 + 𝜃𝜃�2 × 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜃𝜃�3 × 𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖. For details, see Section 
2.3.1. 
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However, the analysis in Panel A of Table 5 is only valid if the random effects 

(RE) assumption holds. In Panel B, we re-run the estimations from Panel A using the 

fixed effects (FE) estimator, which accommodates firm-specific effects that may corre-

late with the explanatory variables in (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡). Consistent with the results in Table 3, 

Column (5) shows that operating profitability no longer significantly predicts the cross-

section of average stock returns once firm fixed effects are included. By contrast, both 

the investment and momentum factors remain robust predictors even under FE estima-

tion (Columns (6) and (7)). In Column (8), we estimate the GPS-model with multiple 

characteristics via the FE estimator, confirming the single-characteristic results in Col-

umns (5) to (7).  

 
3.6 The relevance of firm fixed effects in empirical asset pricing tests 

In this section, we assess the broader importance of controlling for firm fixed effects – 

and thus long-lived firm-level attributes – when predicting the cross-section of average 

stock returns. Specifically, we ask how many of the 94 firm-level asset pricing predic-

tors from Gu et al. (2020, 2021), that significantly predict the cross-section of stock 

returns in a standard portfolio sorts analysis, lose their apparent predictive power (or 

change sign) once we account for firm fixed effects. In the latter scenario, the charac-

teristic likely proxies rather for persistent firm traits than for genuine cross-sectional 

return predictability. 

To investigate this, we exploit the GPS-model’s ability to replicate standard port-

folio sorts. Specifically, we estimate individual GPS models with pooled WLS for each 

of the 94 characteristics in Gu et al. (2020, 2021). In these tests, we first restrict the 

sample to top- or bottom-quintiles (or deciles) of the relevant characteristic and specify 

vector 𝒛𝒛𝑖𝑖𝑖𝑖 to include a constant and a dummy variable equal to one for observations in 

the top group (either quintile or decile). As a third variant, we include all observations 

and use cross-sectionally standardized versions of the continuous characteristics. More-

over, to ensure that our results do not hinge on a specific factor model, we run each test 

series under the Fama and French (1993) three-factor model, the Fama and French 

(2015) five-factor model, the Carhart (1997) four-factor model, and the market model. 

Hence, each of the 94 characteristics is examined 12 times (four alternative factor 
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models times three variants of each firm characteristic). We then reestimate all models 

using the fixed effects (FE) estimator. This allows us to assess how many of the 94 firm 

characteristics, which significantly predict the cross-section of stock returns in a stand-

ard portfolio sorts setting, continue to predict stock returns when unobservable hetero-

geneity across firms is accounted for. 

Detailed results are depicted in Figures IA.1 to IA.12 in the Internet Appendix, 

comparing each characteristic’s alpha from standard portfolio sorts to the alpha from a 

GPS-model with firm fixed effects. For simplicity, Table 6 summarizes the key out-

comes in a single table. Each row corresponds to one of the 12 alternative specifica-

tions: Rows (1) to (3) use the Fama and French (1993) three-factor returns in 𝒙𝒙𝑡𝑡. Rows 

(4) to (6) report the results for the Fama and French (2015) five-factor model. Rows (7) 

to (9) apply the Carhart (1997) four-factor model, and rows (10) to (12) show the find-

ings for the market model. Rows (1), (4), (7), and (10) limit the sample to top- or bot-

tom-quintiles. Rows (2), (5), (8), and (11) use deciles instead of quintiles; and Rows 

(3), (6), (9), and (12) report the results from GPS models that include cross-sectionally 

standardized versions of the continuous firm characteristics in 𝒛𝒛𝑖𝑖𝑖𝑖. 

Results in Row (1) show that only 22 of 48 firm characteristics, which significantly 

predict returns in standard quintile portfolios sorts, remain significant once we include 

firm fixed effects. Hence, 26 firm characteristics (54%) either lose their predictive 

power (20, or 41%) or remain significant but switch signs (six, or 13%). When applying 

decile instead of quintile sorts in Row (2), the percentage of characteristics that lose 

significance or switch sign when firm fixed effects are included increases to 56%. In 

Row (3), when using cross-sectionally standardized variables, the percentage of char-

acteristics that lose significance or switch sign when firm fixed effects are included 

amounts to 49%. Rows (4) to (6), in which the Fama and French (1993) three-factor 

model is replaced by the Fama and French (2015) five-factor model, and Rows (7) to 

(9), using the Carhart (1997) four-factor model, show qualitatively similar results. 

When using the market model in Rows (10) to (12), the proportion of characteristics 

that lose or reverse predictive power is slightly lower (34%–37%). The bottom row of 

Table 6 aggregates across all 12 rows: Of the 532 specifications that are significant 

under a standard portfolio sorts setup, only 270 remain significant once firm fixed 
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effects are included. The remaining 262 (49%) either lose their predictive power (215, 

or 40%) or flip sign while staying significant (47, or 9%). Nearly half of the 94 factors 

thus appear to proxy for persistent firm traits rather than representing genuine drivers 

of expected returns.   

  

4. Conclusion 

This paper shows that standard portfolio sorts can conflate genuine characteristic-

driven predictability with persistent, unobserved firm-level heterogeneity. We intro-

duce the GPS-model, a firm-level regression framework that exactly replicates results 

from all variants of standard portfolio sorts, yet also accommodates more complex anal-

yses with multiple characteristics and continuous controls. Most importantly, when es-

timated with firm fixed effects, the GPS-model disentangles cross-sectional predicta-

bility truly stemming from firm characteristics from that arising due to persistent, firm-

specific traits. 

Our theoretical results show that the alpha and factor exposures obtained from 

standard portfolio sorts match pooled OLS estimates only under a random effects (RE) 

assumption – an assumption that may not always hold in practice. To detect potential 

violations of this assumption, we develop a Hausman-type specification test for portfo-

lio sorts. This test helps researchers discern whether observed return predictability from 

a firm-characteristic genuinely reflects a new factor or rather arises from persistent, 

firm-level heterogeneity. 

Empirically, controlling for unobserved heterogeneity can markedly alter infer-

ences about a factor’s predictive power. For instance, while operating profitability ap-

pears to predict average returns under standard portfolio sorts, its predictive power van-

ishes once firm fixed effects are included. Extending this analysis to 94 predictors from 

Gu et al. (2020, 2021) points to broader implications: Nearly half lose their significance 

after accounting for firm-level heterogeneity. Hence, a substantial portion of the factor 

zoo may reflect stable, firm-specific influences rather than true characteristic-based 

predictability.  



26 
 

In sum, the GPS-model provides a robust and flexible framework for evaluating 

new factor candidates and interpreting asset pricing anomalies. By isolating genuine 

characteristic-based factors from persistent firm-level traits, it enhances the rigor of 

empirical asset pricing tests and strengthens the credibility of inferred market anoma-

lies. 
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Figure 1: Relationship between firm-specific fixed effects and firm characteristics 

Panel A: Firm fixed effects versus operating profitability (operprof) 

 

Panel B: Firm fixed effects versus capital expenditures and inventory (invest) 

 

This figure plots firm fixed effects versus operating profitability (Panel A) and capital expenditures and 
inventory (Panel B). The sample period is July 1963 to December 2019. Firm fixed effects are derived 
from estimating a firm-level panel regression as shown in equation (1) with the fixed effects (FE) esti-
mator. The market-level variables in vector 𝒙𝒙𝑡𝑡 comprise a constant and the three Fama and French (1993) 
factors, i.e., RMRF (market excess return), SMB (small minus big), and HML (high minus low). In Panel 
A, regression (1) is estimated with vector 𝒛𝒛𝑖𝑖𝑖𝑖 containing five quintile dummy variables based on NYSE 
breakpoints for operating profitability (variable operprof of the firm characteristics dataset of Gu, Kelly, 
and Xiu, 2020, 2021). The correlation between the estimated firm fixed effects and operprof is 0.34. In 
Panel B, vector 𝒛𝒛𝑖𝑖𝑖𝑖 contains five quintile dummy variables based on NYSE breakpoints for capital ex-
penditures and inventory (variable invest of the firm characteristics dataset of Gu, Kelly, and Xiu, 2020, 
2021). The correlation between the estimated firm fixed effects and invest is 0.02. The charts do not 
display the top and bottom 1% of observations for the firm fixed effects, operprof, and invest, respec-
tively.
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Table 1: Single portfolio analysis 
 

      Operating profitability (operprof): Top-quintile portfolio 
   Three-factor model  Three-factor model statistics 

       a bRMRF bSMB bHML   R-squared N Obs. N Stocks. 
           

(1) Portfolio sorts approach  0.206*** 0.943*** -0.128*** -0.146***  0.919 678     
(4.30) (63.29) (-5.09) (-4.11) 

    

  
 

        

(2) GPS-model (weighted pooled OLS)  0.206*** 0.943*** -0.128*** -0.146***  0.256 300,778 6,188 
  

 
(4.30) (63.29) (-5.09) (-4.11) 

    

                    
 
This table reports the average return as well as the 3-factor model alpha along with RMRF (market), SMB (small minus big), and HML (high minus 
low) factor loadings for portfolios sorted by operating profitability (variable operprof of the firm characteristics dataset of Gu, Kelly, and Xiu, 2020, 
2021). The portfolio sort is based on NYSE breakpoints and the sample period is July 1963 to December 2019. All results are for quintile 5 (high) 
portfolio, comprising stocks with the highest operating profitability. Row (1) reports results from a standard portfolio sort where the portfolio’s excess 
return is regressed on the three Fama and French (1993) factors. Row (2) presents results from estimating GPS-model (22) with weighted pooled 
OLS, where observation weights are set equal to the beginning-of-time t value-weights of the stocks. t-statistics from testing for significance against 
a value of zero are presented in parentheses. Statistical inference for the portfolio sorts approach in Row (1) is based on Newey and West (1987) 
standard errors with a lag-length of three. The GPS-model in Row (2) is estimated with Driscoll and Kraay (1998) standard errors with a lag-length 
of three. ***, **, and * indicate significance at the 1, 5, and 10 percent levels (two-tailed).  
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Table 2: Analysis of quintile portfolios sorted on operating profitability    

Panel A: Standard portfolio sorts 

 Quintile Portfolio 

  1 (low) 2 3 4 5 (high) 
      

𝑎𝑎 -0.318*** -0.0596 0.0242 0.0511 0.206*** 
 (-3.83) (-1.00) (0.48) (1.26) (4.30) 

 

     

bRMRF 1.118*** 0.945*** 0.948*** 0.981*** 0.943*** 
 (42.55) (52.81) (61.16) (62.87) (63.29) 
 

     

bSMB 0.382*** 0.0647* 0.0243 -0.101*** -0.128*** 

 (11.35) (1.92) (0.67) (-4.18) (-5.09) 
 

     

bHML 0.0172 0.0899*** -0.0135 -0.0896*** -0.146*** 
 (0.37) (2.81) (-0.51) (-4.82) (-4.11) 
            

R-squared 0.886 0.885 0.911 0.939 0.919 
N Obs. 678 678 678 678 678 

Panel B: GPS-model 

Vector 𝒛𝒛𝑡𝑡   → 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(1)  𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(2)  𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(3)  𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(4)  𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(5)  

Vector 𝒙𝒙𝑡𝑡  ↓ 
      

1 (Intercept) -0.318*** -0.0596 0.0242 0.0511 0.206*** 
 (-3.83) (-1.00) (0.48) (1.26) (4.30) 
 

     

𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡 1.118*** 0.945*** 0.948*** 0.981*** 0.943*** 
 (42.55) (52.81) (61.16) (62.87) (63.29) 
 

     

𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡  0.382*** 0.0647* 0.0243 -0.101*** -0.128*** 
 (11.35) (1.92) (0.67) (-4.18) (-5.09) 
 

     

𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡 0.0172 0.0899*** -0.0135 -0.0896*** -0.146*** 
 (0.37) (2.81) (-0.51) (-4.82) (-4.11) 
            

R-squared 0.228     
N Obs. 1,951,536     

N Stocks 15,772         

This table reports value-weighted 3-factor model alphas along with RMRF (market excess return), SMB 
(small minus big), and HML (high minus low) factor loadings for portfolios sorted by operating profita-
bility (variable operprof of the firm characteristics dataset of Gu, Kelly, and Xiu, 2020, 2021). Panel A 
reports results from standard portfolio sorts, where a portfolio’s excess return is regressed on the three 
Fama and French (1993) factors. Panel B presents results from estimating a single GPS-model with 
weighted pooled OLS, where observation weights are set equal to the beginning-of-time t value-weights 
of the stocks. Coefficient estimates and t-statistics (in parentheses) in Panel B (GPS-model) are for the 
interaction of the (market-level) variables and a constant contained in vector 𝒙𝒙𝑡𝑡 (displayed on the vertical 
axis) and the quintile dummy variables 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(𝑞𝑞) (𝑞𝑞 = 1, … ,5) for operprof in vector 𝒛𝒛𝑖𝑖𝑖𝑖 (displayed 
on the horizontal axis). The quintile portfolios (Panel A) and dummy variables (Panel B) are formed 
based on NYSE breakpoints. The sample period is July 1963 to December 2019. Statistical inference on 
the portfolio sorts (Panel A) is based on Newey and West (1987) standard errors with a lag-length of 
three. The GPS-model in Panel B is estimated with Driscoll and Kraay (1998) standard errors with a lag-
length of three. ***, **, and * indicate significance at the 1, 5, and 10 percent levels (two-tailed). 
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Table 3: Comparison of high vs. low quintile portfolios sorted on operating profitability 

Panel A: Standard portfolio sorts   Panel B: GPS-model (weighted pooled OLS) 
 Q1 (low) Q5 - Q1   Vector  𝒛𝒛𝑖𝑖𝑖𝑖    →    1  𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(5)         
    

 

   
 a -0.318*** 0.524***  

←
  V

ec
to

r  
𝒙𝒙 𝑡𝑡

   1 (Intercept) -0.318*** 0.524*** 
 (-3.83) (4.64)   (-3.83) (4.64) 
       

bRMRF 1.118*** -0.176***  𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡  1.118*** -0.176*** 
 (42.55) (-4.85)   (42.55) (-4.85) 
       

bSMB 0.382*** -0.510***  𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡   0.382*** -0.510*** 
 (11.35) (-10.00)   (11.35) (-10.00) 
       

bHML 0.0172 -0.164**  𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡  0.0172 -0.164** 
 (0.37) (-2.15)   (0.37) (-2.15) 

             

  

R-squared 0.886 0.326  R-squared 0.212  
N Obs. 678 678  N Obs. 1,035,812  
        N Stocks 14,500   

This table reports value-weighted 3-factor model alphas along with RMRF (market excess return), 
SMB (small minus big), and HML (high minus low) factor loadings for portfolios sorted on operating 
profitability (variable operprof of the firm characteristics dataset of Gu, Kelly, and Xiu, 2020, 2021). 
Panel A reports results from standard portfolio sorts, where the bottom quintile portfolio’s excess return 
(first column) or the return difference between the top quintile and the bottom quintile profitability 
portfolio (second column) is regressed on the three Fama and French (1993) factors. Statistical infer-
ence for the standard portfolio sorts approach is based on Newey and West (1987) standard errors with 
a lag-length of three. Panel B reproduces the results from standard portfolio sorts by using the GPS-
model in Equation (12). The GPS-model is estimated with weighted pooled OLS, where observation 
weights are set equal to the beginning-of-time t value-weights of the stocks in the bottom- and the top-
quintile profitability portfolio, respectively. Coefficient estimates and t-statistics (in parentheses) for 
the GPS-model in Panel B are for the product of the market-level factor variables (plus a constant) 
contained in vector 𝒙𝒙𝑡𝑡 (displayed on the vertical axis) and firm-characteristics vector 𝒛𝒛𝑖𝑖𝑖𝑖. Vector 𝒛𝒛𝑖𝑖𝑖𝑖 
comprises a constant and dummy variable 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(5), which is one for stocks with operprof in the top 
quintile (based on NYSE breakpoints), and zero otherwise. The GPS-model in Panel B only includes 
firms, which belong to the top- or bottom-quintile groups of firms sorted on operating profitability. 
Statistical inference on the GPS-model is based on Driscoll and Kraay (1998) standard errors with a 
lag-length of three. The sample period is July 1963 to December 2019. ***, **, and * indicate signifi-
cance at the 1, 5, and 10 percent levels (two-tailed). 
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Table 4: Portfolio sorts specification test  

 
Coefficient estimates on 

explanatory variables 𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡   
(coefficient vector 𝜽𝜽) 

 
Coefficient estimates on 

 firm-specific time-series averages 
(coefficient vector 𝝃𝝃) 

 1 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(5)  1  𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(5) 
      

1 (Intercept) -0.189* 0.264  --- 0.109 
                     (-1.83) (1.55)  --- (0.41) 
      

RMRF                 1.117*** -0.177***  0.0378 0.405* 
                     (43.05) (-4.94)  (0.30) (1.94) 
      

SMB                  0.383*** -0.509***  0.0212 0.167 
                     (11.29) (-9.79)  (0.13) (0.67) 
      

HML                  0.0229 -0.165**  -0.192 -0.0546 
 (0.51) (-2.20)  (-0.90) (-0.21) 
      

R-squared 0.212     
N Obs. 1,035,812     

         
Portfolio sorts specification test     
F(7, 677) 3.04     
p-value 0.004     

This table reports the results from estimating regression 𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽 + 𝒒𝒒�𝒊𝒊𝝃𝝃 + 𝜀𝜀𝑖𝑖𝑖𝑖 for portfolio sorts 
on operating profitability (variable operprof of the firm characteristics dataset of Gu, Kelly, and Xiu, 
2020, 2021). Vector 𝒛𝒛𝑖𝑖𝑖𝑖 is specified as 𝒛𝒛𝑖𝑖𝑖𝑖 = [ 1      𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖

(5)], where 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖
(5) is a dummy vari-

able equal to one if firm 𝑖𝑖 belongs to the top-quintile portfolio sorted on operating profitability. Vector 
𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡] with RMRF (market excess return), SMB (small minus 
big), and HML (high minus low) representing monthly Fama and French (1993) factor returns. Vector 
𝒒𝒒�𝒊𝒊 comprises the (cross-sectionally centered) firm-specific time-series averages from all variables in 
(𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡). Estimation results for coefficient vectors 𝜽𝜽 and 𝝃𝝃 are reported in matrix form. Each coeffi-
cient estimate and t-statistic (in parentheses) is for the product of the market-level factor variable in 
vector 𝒙𝒙𝑡𝑡 (displayed on the vertical axis) and the portfolio dummy variable (or constant) in vector 𝒛𝒛𝑖𝑖𝑖𝑖 
(left panel), or for the time-series average of the interaction between the factor variable in 𝒙𝒙𝑡𝑡 and the 
portfolio dummy variable in 𝒛𝒛𝑖𝑖𝑖𝑖 (right panel). The regressions are estimated with weighted pooled OLS, 
where observation weights are set equal to the beginning-of-time t value-weights of the stocks in the 
quintile portfolios sorted on operating profitability. The portfolio sorts specification test displayed in the 
lower left part is a Wald-test on 𝐻𝐻0: 𝝃𝝃 = 0. Statistical inference is based on Driscoll and Kraay (1998) 
standard errors with a lag-length of three months. The sample period is July 1963 to December 2019. 
***, **, and * indicate significance at the 1, 5, and 10 percent levels (two-tailed). 
  



37 
 

Table 5: Continuous and multivariate firm characteristics 

 Panel A: Weighted pooled OLS  Panel B: Weighted FE estimation 

 (1) (2) (3) (4) 
 

(5) (6) (7) (8) 
          

Constant -0.038 0.053*** -0.036 -0.101***  -0.001 0.052*** -0.023 -0.050  
(-1.19) (3.00) (-1.38) (-3.08)  (-0.02) (2.79) (-0.94) (-1.33) 

   
 

 
 

  
 

 

operprof 0.174***   0.157***  0.088   0.073 

 
(2.96) 

 
 (2.87)  (1.36) 

 
 (1.18) 

 
  

 
 

 
  

 
 

invest  -0.129***  -0.132***  

 

-0.125***  -0.112*** 

 

 
(-3.59)  (-3.70)  

 
(-3.53)  (-3.21) 

 
  

 
 

 
  

 
 

mom12m   0.414*** 0.401*** 
 

  

0.335*** 0.317*** 

 
  (4.38) (4.12)    (3.50) (3.21) 

  
  

 
 

 
  

 
 

(within) R2 0.239 0.238 0.235 0.246  0.239 0.238 0.235 0.246 
N Obs. 1,951,536 2,010,654 2,392,018 1,913,216  1,951,536 2,010,654 2,392,018 1,913,216 
N Stocks 15,772 16,047 19,616 15,641  15,772 16,047 19,616 15,641 

This table reports the coefficient estimates and t-statistics (in parentheses) from GPS-models with mul-
tivariate and continuous firm characteristics in vector 𝒛𝒛𝑖𝑖𝑖𝑖. The GPS-model is specified as 

𝑟𝑟𝑖𝑖𝑖𝑖 = (𝒛𝒛𝑖𝑖𝑖𝑖 ⨂ 𝒙𝒙𝑡𝑡) 𝜽𝜽+ 𝜈𝜈𝑖𝑖𝑖𝑖
= ([1  𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖     𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖     𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖] ⊗ [ 1    𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡     𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡    𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡]) 𝜽𝜽
+ 𝜈𝜈𝑖𝑖𝑖𝑖  

𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑓𝑓𝑖𝑖𝑖𝑖 is operating profitability (variable operprof of the firm characteristics dataset of Gu, Kelly, 
and Xiu, 2018, 2019). 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is capital expenditures and inventory (variable invest of the firm charac-
teristics dataset of Gu, Kelly, and Xiu, 2020, 2021). 𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖 denotes twelve-month momentum (var-
iable mom12m of the firm characteristics dataset of Gu, Kelly, and Xiu, 2020, 2021). Variables 
𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖, 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , and 𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖 are cross-sectionally standardized, such that each month their 
cross-sectional mean is zero and the cross-sectional standard deviation is one. Note that 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖 , 
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , and 𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖 are lagged as in Gu, Kelly, and Xiu (2020, 2021). The table only displays 
results for coefficient estimates of the variables in vector 𝒛𝒛𝑖𝑖𝑖𝑖. The Fama-French three-factor model alpha 
(as a measure of the risk-adjusted performance) conditional on firm 𝑖𝑖’s cross-sectionally standardized 
characteristics in period 𝑡𝑡 is obtained as 𝛼𝛼�𝑖𝑖𝑖𝑖 =  𝜃𝜃�0 + 𝜃𝜃�1 × 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑖𝑖𝑖𝑖 + 𝜃𝜃�2 × 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜃𝜃�3 ×
𝑚𝑚𝑚𝑚𝑚𝑚12𝑚𝑚𝑖𝑖𝑖𝑖. The results for the interactions of vector 𝒛𝒛𝑖𝑖𝑖𝑖 firm characteristics with the market (𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡), 
𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡   (small minus big), and 𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡 (high minus low) factors are not shown in the table. The sample 
period is July 1963 to December 2019. The GPS-models in Panel A are estimated with weighted pooled 
OLS, where observation weights are set equal to the beginning-of-time t value-weights of the stocks. 
Panel B reports the results from estimating the GPS-models with the fixed effects (FE) estimator, where 
observation weights are also set equal to the beginning-of-time t value-weights of the stocks. t-statistics 
test for significance against a value of zero. Statistical inference is based on Driscoll and Kraay (1998) 
standard errors with a lag-length of three months. ***, **, and * indicate significance at the 1, 5, and 10 
percent levels (two-tailed). 
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Table 6: Comparison of pooled OLS and FE estimators for Gu et al. (2020, 2021) predictors 

                 OLS  
significant 

FE  
significant 

Loses 
significance 

Switches  
sign FE different    

                            (1) FF3 Hi-Low, 5 Portfolios 48 22 20 (42%) 6 (13%) 26 (54%) 
(2)  Hi-Low, 10 Portfolios 48 21 22 (46%) 5 (10%) 27 (56%) 
(3)  Standardized 49 25 22 (45%) 2 (4%) 24 (49%) 
        
(4) FF5 Hi-Low, 5 Portfolios 46 20 18 (39%) 8 (17%) 26 (57%) 
(5)  Hi-Low, 10 Portfolios 42 18 15 (36%) 9 (21%) 24 (57%) 
(6)  Standardized 44 26 14 (32%) 4 (9%) 18 (41%) 
        
(7) Carhart Hi-Low, 5 Portfolios 39 16 20 (51%) 3 (8%) 23 (59%) 
(8)  Hi-Low, 10 Portfolios 42 14 24 (57%) 4 (10%) 28 (67%) 
(9)  Standardized 34 18 15 (44%) 1 (3%) 16 (47%) 
        
(10) MM Hi-Low, 5 Portfolios 44 29 13 (30%) 2 (5%) 15 (34%) 
(11)  Hi-Low, 10 Portfolios 47 30 14 (30%) 3 (6%) 17 (36%) 
(12)  Standardized 49 31 18 (37%) 0 (0%) 18 (37%) 
                            Total  532 270 215 (40%) 47 (9%) 262 (49%) 
              

This table provides a summary of results obtained from estimating GPS models either with pooled OLS 
or a fixed effects estimator using one of three alternative factor models in vector 𝒙𝒙𝑡𝑡 and each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021) in 
vector 𝒛𝒛𝑖𝑖𝑖𝑖. Models summarized in Rows “FF3” use the Fama and French (1993) three-factor model with 
vector 𝒙𝒙𝑡𝑡 being set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡] with RMRF (market excess return), SMB 
(small minus big), and HML (high minus low) representing monthly Fama and French (1993) factor 
returns. Rows “FF5” use the Fama and French (2015) five-factor model with vector 𝒙𝒙𝑡𝑡 being set to 𝒙𝒙𝑡𝑡 =
[ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡     𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡     𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡] with RMRF (market excess return), SMB (small minus 
big), HML (high minus low), RMW (robust minus weak), and CMA (conservative minus aggressive) 
representing monthly Fama and French (2015) factor returns. Rows “Carhart use the Carhart (1997) four-
factor model with vector 𝒙𝒙𝑡𝑡 set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡     𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡] with RMRF (market 
excess return), SMB (small minus big), HML (high minus low), and MOM (winners minus losers) rep-
resenting monthly Carhart (1997) factor returns. Models summarized in Rows “MM” use a market model 
with vector 𝒙𝒙𝑡𝑡 being set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡] with RMRF representing the market excess return. Model 
estimations summarized in Rows “Hi-Low, 5 Portfolios” only include observations, which belong to 
either the top- or bottom-quintiles of observations sorted on the respective firm characteristic with vector 
𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy variable which is one for observations in the top quintile of the 
respective firm characteristic. Model estimations summarized in Rows “Hi-Low, 10 Portfolios” only 
include observations, which belong to either the top- or bottom-deciles of observations sorted on the 
respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy variable which is one for 
observations in the top decile of the respective firm characteristic. Models summarized in Rows “Stand-
ardized” use firm characteristics of Gu, Kelly, and Xiu (2020, 2021) that are cross-sectionally standard-
ized each month. In this case, vector 𝒛𝒛𝑖𝑖𝑖𝑖 includes a constant and the standardized firm characteristic. 
Column “OLS sign.” counts the number of model estimations with the coefficient on the standardized 
firm characteristic or top tercile, quintile, or decile dummy estimated significant at the 5% level or better. 
Column “FE sign.” counts the number of estimations with significant OLS coefficient estimates which 
remain statistically significant (and no change in sign) when the model is estimated with a fixed effects 
estimator. Column “Loses sign.” reports the number (and percentage) of models with significant estimate 
on the firm characteristic that turn insignificant when estimated with a fixed effects estimator. Column 
“Switch sign” reports the number (and percentage) of models with significant estimate on the firm char-
acteristic that switch sign when estimated with a fixed effects estimator. Column “FE different” reports 
the number (and percentage) of models estimated with OLS that produce a significant coefficient esti-
mate on the firm characteristic in vector 𝒛𝒛𝑖𝑖𝑖𝑖 that either turns insignificant or changes sign when estimated 
with a fixed effects estimator. In all models, observation weights are set equal to the beginning-of-time t 
value-weights of the stocks. Statistical inference is based on Driscoll and Kraay (1998) standard errors 
with a lag-length of three months. The sample period is July 1963 to December 2019. 
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Internet Appendix A: Proof of Propositions 1 to 3 

In this appendix, we first set the ground by rewriting both the GPS-model and the port-

folio sorts approach in matrix notation. We then perform a series of basic transfor-

mations that apply to all three propositions stated in Section 2. Finally, we proof Prop-

ositions 1 to 3 mathematically. For ease of mathematical tractability and as outlined in 

Section 2, we thereby restrict our formal analysis to the case of a balanced panel (𝑁𝑁 

firms with 𝑇𝑇 regularly spaced observations), time-constant firm characteristics (i.e., 

𝒛𝒛𝑖𝑖𝑖𝑖 ≡ 𝒛𝒛𝑖𝑖), and equally weighted portfolios (i.e., 𝑤𝑤𝑖𝑖𝑖𝑖 = 1/𝑁𝑁). Under these simplifying 

assumptions, the GPS-model can reproduce the results of the portfolio sorts approach 

by aid of standard pooled OLS where all observations are equally weighted. 

 

A.1  Matrix notation and proof of Proposition 1 

A.1.1  Coefficient estimates and standard errors for the GPS-model 

Applying matrix notation, we can write the GPS-model in (1) as0F

1  

⎣
⎢
⎢
⎢
⎢
⎡
𝑟𝑟11
𝑟𝑟12
⋮
𝑟𝑟1𝑇𝑇
𝑟𝑟21
⋮
𝑟𝑟𝑁𝑁𝑁𝑁⎦

⎥
⎥
⎥
⎥
⎤

= ��
𝒛𝒛1 
𝒛𝒛2 
⋮
𝒛𝒛𝑁𝑁 

�⨂ �
 𝒙𝒙1
⋮

 𝒙𝒙𝑇𝑇
��  𝜽𝜽 +

⎣
⎢
⎢
⎢
⎢
⎡
𝜈𝜈11
𝜈𝜈12
⋮
𝜈𝜈1𝑇𝑇
𝜈𝜈21
⋮
𝜈𝜈𝑁𝑁𝑁𝑁⎦

⎥
⎥
⎥
⎥
⎤

 (A1) 

or, more briefly: 

 
1 Throughout Appendix A, we assume 𝑐𝑐𝑖𝑖 = 0 (for all 𝑖𝑖) and omit the firm-specific effects 𝑐𝑐𝑖𝑖 from the 
analysis. 



2 
 

𝑣𝑣𝑣𝑣𝑣𝑣(𝑹𝑹) = �
𝜸𝜸1 
𝜸𝜸2 
⋮
𝜸𝜸𝑁𝑁 

� = (𝒁𝒁⨂𝑿𝑿) 𝜽𝜽 + 𝝂𝝂 (A2) 

where 𝑣𝑣𝑣𝑣𝑣𝑣(𝑹𝑹) represents a (𝑁𝑁𝑁𝑁 × 1)-vector of the firms’ period 𝑡𝑡 (excess) returns,  𝒛𝒛𝑖𝑖 

is a (1 × 𝑀𝑀)-vector of firm characteristics (which are assumed to remain constant over 

time), 𝒙𝒙𝑡𝑡 = [1  𝑥𝑥1𝑡𝑡   ⋯   𝑥𝑥𝐾𝐾𝐾𝐾] refers to a (1 × (𝐾𝐾 + 1))-vector of market-level variables 

(which apart from the constant change over time but do not vary in the cross-section), 

and (𝒁𝒁⨂𝑿𝑿) denotes the Kronecker product of (𝑁𝑁 × 𝑀𝑀)-dimensional matrix 𝒁𝒁 =

[𝒛𝒛1′  … 𝒛𝒛𝑁𝑁′ ]′ with (𝑇𝑇 × (𝐾𝐾 + 1))-dimensional matrix 𝑿𝑿 = [𝒙𝒙1′ … 𝒙𝒙𝑇𝑇′ ]′. Estimat-

ing regression model (A2) with pooled OLS, and applying the calculus rules for the 

Kronecker product, yields the following coefficient estimates for 𝜽𝜽: 

𝜽𝜽� = �(𝒁𝒁⨂𝑿𝑿)′(𝒁𝒁⨂𝑿𝑿)�
−1(𝒁𝒁⨂𝑿𝑿)′𝑣𝑣𝑣𝑣𝑣𝑣(𝑹𝑹) 

= (𝒁𝒁′𝒁𝒁⨂𝑿𝑿′𝑿𝑿)−1(𝒁𝒁′⨂𝑿𝑿′)𝑣𝑣𝑣𝑣𝑣𝑣(𝑹𝑹) 

= ((𝒁𝒁′𝒁𝒁)−1𝒁𝒁′⨂(𝑿𝑿′𝑿𝑿)−1𝑿𝑿′)𝑣𝑣𝑣𝑣𝑣𝑣(𝑹𝑹) (A3) 

Next, we use the following Lemma from linear algebra (e.g., see Sydsaeter, Strom, and 

Berck, 2000, p. 146): 

Lemma 1. For any three matrices 𝑨𝑨 ∈ ℝ𝑟𝑟,𝑟𝑟, 𝑩𝑩 ∈ ℝ𝑟𝑟,𝑠𝑠, and 𝑪𝑪 ∈ ℝ𝑠𝑠,𝑠𝑠 it holds true that 

𝑣𝑣𝑣𝑣𝑣𝑣(𝑨𝑨𝑨𝑨𝑨𝑨) = (𝑪𝑪′⨂𝑨𝑨)𝑣𝑣𝑣𝑣𝑣𝑣(𝑩𝑩). 

Applying Lemma 1 to expression (A3) above yields 

𝜽𝜽� = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝑹𝑹𝑹𝑹(𝒁𝒁′𝒁𝒁)−1 (A4) 

Here, 𝜽𝜽� refers to the ((𝐾𝐾 + 1) × 𝑀𝑀)-dimensional matrix of coefficient estimates 𝜃𝜃�𝑘𝑘,𝑚𝑚 

for the interaction of firm characteristic 𝑚𝑚 (with 𝑚𝑚 = 1, … ,𝑀𝑀) from vector 𝒛𝒛𝑖𝑖 and mar-

ket-level factor variable 𝑘𝑘 (with 𝑘𝑘 = 0, … ,𝐾𝐾) in vector  𝒙𝒙𝑡𝑡. 

We now turn to the Driscoll and Kraay (1998) covariance matrix estimator for the 

pooled OLS regression model in (A1). For 𝐻𝐻 lags, it has the following structure: 

𝑽𝑽��𝜽𝜽�� =  �(𝒁𝒁⨂𝑿𝑿)′(𝒁𝒁⨂𝑿𝑿)�
−1
𝑺𝑺�𝑻𝑻�(𝒁𝒁⨂𝑿𝑿)′(𝒁𝒁⨂𝑿𝑿)�

−1
 

= ((𝒁𝒁′𝒁𝒁)−1⨂(𝑿𝑿′𝑿𝑿)−1) 𝑺𝑺�𝑻𝑻 ((𝒁𝒁′𝒁𝒁)−1⨂(𝑿𝑿′𝑿𝑿)−1) (A5) 
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with  𝑺𝑺�𝑻𝑻 = 𝛀𝛀�0 +  ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻 �𝛀𝛀�𝑗𝑗 + 𝛀𝛀�𝑗𝑗′�𝐻𝐻
𝑗𝑗=1  , 𝛀𝛀�𝑗𝑗 =

∑ 𝒉𝒉𝜏𝜏�𝜽𝜽��𝑇𝑇
𝜏𝜏=𝑗𝑗+1 𝒉𝒉𝜏𝜏−𝑗𝑗′ �𝜽𝜽�� ,    

and 𝒉𝒉𝜏𝜏�𝜽𝜽�� = (𝒁𝒁⨂𝒙𝒙𝜏𝜏)′ 𝝂𝝂�     

 

The modified Bartlett weights 𝜔𝜔𝑗𝑗,𝐻𝐻 = 1 − 𝑗𝑗/(𝐻𝐻 + 1) ensure positive semi-definiteness 

of 𝑺𝑺�𝑻𝑻 and smooth the sample autocovariance function such that higher order lags re-

ceive less weight. 

 

A.1.2  Coefficient estimates and standard errors for the portfolio sorts approach 

The portfolio sorts approach comprises two steps. The first step involves computing the 

month 𝑡𝑡 average return for portfolio 𝑝𝑝 as outlined in Equation (5). In our case of a 

balanced panel, time-constant firm characteristics, and equally weighted portfolios (i.e., 

𝑤𝑤𝑖𝑖𝑖𝑖 = 𝑁𝑁𝑝𝑝−1 = �∑ 𝑧𝑧𝑖𝑖
(𝑝𝑝)𝑁𝑁

𝑖𝑖=1 �
−1

), we can rewrite Equation (5) as follows: 

𝑟𝑟𝑝𝑝𝑝𝑝 = 1
𝑁𝑁𝑝𝑝
∑ 𝑧𝑧𝑖𝑖

(𝑝𝑝)𝑟𝑟𝑖𝑖𝑖𝑖 = 𝒓𝒓𝑡𝑡′𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�
−1𝑁𝑁

𝑖𝑖=1   (A6) 

with  𝒓𝒓𝑡𝑡′ = [𝑟𝑟1𝑡𝑡    𝑟𝑟2𝑡𝑡   …    𝑟𝑟𝑁𝑁𝑁𝑁]  and  𝒅𝒅𝑝𝑝′ = �𝑧𝑧1
(𝑝𝑝)    𝑧𝑧2

(𝑝𝑝)   …    𝑧𝑧𝑁𝑁
(𝑝𝑝)�. 

Here, 𝑧𝑧𝑖𝑖
(𝑝𝑝) is a dummy variable with value one if firm 𝑖𝑖 belongs to portfolio 𝑝𝑝, and zero 

otherwise. In the second step of the procedure, 𝑟𝑟𝑝𝑝𝑝𝑝 from (A6) is regressed on a constant 

and the 𝐾𝐾 factor variables as outlined in Equation (6). This yields OLS coefficient es-

timates as follows:  

𝜷𝜷�𝑝𝑝 = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′ �
𝑟𝑟𝑝𝑝1 
⋮
𝑟𝑟𝑝𝑝𝑝𝑝 

� = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′ �
𝒓𝒓1′ 𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�

−1

⋮
𝒓𝒓𝑇𝑇′ 𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�

−1
� 

= (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′ �
𝒓𝒓1′
⋮
𝒓𝒓𝑇𝑇′
� 𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�

−1

= (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′[𝜸𝜸1   𝜸𝜸2    …    𝜸𝜸𝑁𝑁]𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�
−1

 

= (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝑹𝑹𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�
−1

 (A7) 
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The formula for computing the Newey and West (1987) covariance matrix with lag 

length 𝐻𝐻 for the regression model in Equation (6) has the following structure:  

 𝑽𝑽��𝜷𝜷�𝑝𝑝� = (𝑿𝑿′𝑿𝑿)−1𝑺𝑺�𝑻𝑻(𝑿𝑿′𝑿𝑿)−1  

with  𝑺𝑺�𝑻𝑻 = ∑ 𝜀𝜀𝑝̂𝑝𝑝𝑝2𝑇𝑇
𝑡𝑡=1 𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡 + ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻  ∑ �𝜀𝜀𝑝̂𝑝𝑝𝑝𝜀𝜀𝑝̂𝑝𝑝𝑝−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 +𝑇𝑇

𝜏𝜏=𝑗𝑗+1
𝐻𝐻
𝑗𝑗=1

𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�� (A8) 

Restricting the sample to two portfolios (or groups of firms), arbitrarily denoted as 𝑝𝑝 =

“ℎ𝑖𝑖𝑖𝑖ℎ” and 𝑝𝑝 = “𝑙𝑙𝑙𝑙𝑙𝑙”, we can use matrix notation to rewrite Equation (10) computing 

the month 𝑡𝑡 return difference as follows: 

Δ𝑟𝑟𝑝𝑝,𝑡𝑡 = 𝑟𝑟ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡 − 𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡 = 𝒓𝒓𝑡𝑡′𝒁𝒁(𝒁𝒁′𝒁𝒁)−1𝒆𝒆2 = �𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡    Δ𝑟𝑟𝑝𝑝,𝑡𝑡� �
0
1�  (A9) 

where matrix 𝒁𝒁 is specified as  𝒁𝒁 = [𝚤𝚤 𝒅𝒅ℎ𝑖𝑖𝑖𝑖ℎ] and 𝚤𝚤 is a (𝑁𝑁 × 1)-dimensional vector 

of ones. When regressing Δ𝑟𝑟𝑝𝑝,𝑡𝑡 from (A9) on a constant and the 𝐾𝐾 factor variables 

according to Equation (11), one obtains the following OLS coefficient estimates: 

𝜷𝜷�Δ = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′ �
Δ𝑟𝑟𝑝𝑝,1
⋮

Δ𝑟𝑟𝑝𝑝,𝑇𝑇

� = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝑹𝑹𝑹𝑹(𝒁𝒁′𝒁𝒁)−1𝒆𝒆2  (A10) 

The Newey and West (1987) covariance matrix estimator for the coefficient estimates 

in (A10) has the same structure as the one displayed in Equation (A8), with 𝜀𝜀Δ̂𝑡𝑡 replac-

ing 𝜀𝜀𝑡̂𝑡 in the formula. 

 

A.1.3  Proof of Proposition 1 

Proposition 1 states that the GPS-model can reproduce the results of the portfolio sorts 

approach for the case of a single portfolio if vector 𝒛𝒛𝑖𝑖 ≡ 𝒛𝒛𝑖𝑖𝑖𝑖 is specified as 𝒛𝒛𝑖𝑖 = [ 1 ]. 

In this case, matrix 𝒁𝒁 in Equation (A2) is given as 𝒁𝒁 = 𝚤𝚤. As a result, the coefficient 

estimates of the GPS-model in this case are 

𝜽𝜽� = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝑹𝑹𝚤𝚤(𝚤𝚤′𝚤𝚤)−1 (A11) 
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When there is only a single subject group, then 𝑧𝑧𝑖𝑖
(𝑝𝑝) for all firms 𝑖𝑖 is equal to 1, i.e., 

𝒅𝒅𝑝𝑝 = 𝚤𝚤. Consequently, the coefficient estimates for the portfolio sorts approach in 

Equation (A7) are equal to 

𝜷𝜷� = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝑹𝑹𝚤𝚤(𝚤𝚤′𝚤𝚤)−1 (A12) 

As stated in Part A of Proposition 1, we thus have 𝜽𝜽� ≡ 𝜷𝜷�. This completes the first part 

of the proof. ∎ 

We next turn to the standard errors for the coefficient estimates. With 𝑟𝑟𝑝𝑝𝑝𝑝 =

𝑁𝑁−1 ∑ 𝑟𝑟𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1  and 𝜽𝜽� = 𝜷𝜷�, the (estimated) residual 𝜀𝜀𝑡̂𝑡 in Equation (3) is equal to 

𝜀𝜀𝑡̂𝑡 = 𝑁𝑁−1 ∑ 𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1 ≡ 𝑁𝑁−1𝑉𝑉𝑡𝑡  (A13) 

where 𝑣𝑣�𝑖𝑖𝑖𝑖 is the (estimated) residual from pooled OLS regression (4). Replacing 𝜀𝜀𝑡̂𝑡 in 

(A8) by the corresponding term from (A13) yields 

𝑁𝑁2 𝑺𝑺�𝑻𝑻 = ∑ 𝑉𝑉𝑡𝑡2𝑇𝑇
𝑡𝑡=1 𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡 + ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻  ∑ �𝑉𝑉𝜏𝜏𝑉𝑉𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 + 𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏��𝑇𝑇

𝜏𝜏=𝑗𝑗+1
𝐻𝐻
𝑗𝑗=1   (A14) 

In case of the GPS-model, we plug in 𝒁𝒁 = 𝚤𝚤 in Equation (A5). This gives 

𝑽𝑽��𝜽𝜽�� = ((𝚤𝚤′𝚤𝚤)−1⨂(𝑿𝑿′𝑿𝑿)−1) 𝑺𝑺�𝑻𝑻 ((𝚤𝚤′𝚤𝚤)−1⨂(𝑿𝑿′𝑿𝑿)−1)

= (𝑿𝑿′𝑿𝑿)−1
𝑺𝑺�𝑻𝑻
𝑁𝑁2 (𝑿𝑿′𝑿𝑿)−1 (A15) 

Comparing 𝑽𝑽��𝜽𝜽�� in (A15) with 𝑽𝑽��𝜷𝜷�� from (A8) in case of a single subject group, we 

hence have to show that 𝑁𝑁−2𝑺𝑺�𝑻𝑻 = 𝑺𝑺�𝑻𝑻. Rewriting  𝒉𝒉𝜏𝜏�𝜽𝜽�� in (A5), we obtain: 

𝒉𝒉𝜏𝜏�𝜽𝜽�� = (𝚤𝚤⨂𝒙𝒙𝜏𝜏)′ 𝝂𝝂� = [𝒙𝒙𝜏𝜏′ ⋯ 𝒙𝒙𝜏𝜏′ ]𝝂𝝂� =

⎣
⎢
⎢
⎡ ∑ 𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1
𝑥𝑥1𝜏𝜏 ∑ 𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1
⋮

𝑥𝑥𝐾𝐾𝐾𝐾 ∑ 𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1 ⎦

⎥
⎥
⎤

= 𝒙𝒙𝜏𝜏′ 𝑉𝑉𝜏𝜏  (A16) 

From (A16) it follows for 𝛀𝛀�𝑗𝑗 in (A5) that 𝛀𝛀�𝑗𝑗 = ∑ 𝒉𝒉𝜏𝜏�𝜽𝜽��𝑇𝑇
𝜏𝜏=𝑗𝑗+1 𝒉𝒉𝜏𝜏−𝑗𝑗′ �𝜽𝜽�� =

∑ 𝑉𝑉𝜏𝜏𝑉𝑉𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗𝑇𝑇
𝜏𝜏=𝑗𝑗+1 , and consequently 
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𝑺𝑺�𝑻𝑻 = ∑ 𝑉𝑉𝑡𝑡2𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡𝑇𝑇
𝑡𝑡=1 + ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻  ∑ �𝑉𝑉𝜏𝜏𝑉𝑉𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 + 𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏��𝑇𝑇

𝜏𝜏=𝑗𝑗+1
𝐻𝐻
𝑗𝑗=1 ≡

𝑁𝑁2 𝑺𝑺�𝑻𝑻   
(A17) 

This completes the proof. ∎ 

 

A.2  Proof of Proposition 2 

Proposition 2 states that the GPS-model can reproduce the results of the portfolio sorts 

approach for multiple sorted portfolios by estimating a single pooled OLS regression 

on the individual firm level. To this end, we specify vector 𝒛𝒛𝑖𝑖 as 𝒛𝒛𝑖𝑖 =

[ 𝑧𝑧𝑖𝑖
(1)   𝑧𝑧𝑖𝑖

(2)  . . .   𝑧𝑧𝑖𝑖
(𝑃𝑃)]. Using the definition of 𝒅𝒅𝑝𝑝 in (A6), (𝑁𝑁 × 𝑃𝑃)-matrix 𝒁𝒁 in equation 

(A2) is given as follows:  

𝒁𝒁 = �
𝒛𝒛1 
⋮
𝒛𝒛𝑁𝑁 

� = �
𝑧𝑧1

(1) ⋯ 𝑧𝑧1
(𝑃𝑃)

⋮ ⬚ ⋮
𝑧𝑧𝑁𝑁

(1) ⋯ 𝑧𝑧𝑁𝑁
(𝑃𝑃)
� = [𝒅𝒅1 ⋯ 𝒅𝒅𝑃𝑃]   (A18) 

The coefficient estimates for the GPS-model are derived in (A4). Specifying matrix 𝒁𝒁 

according to (A18) thus results in a ((𝐾𝐾 + 1) × 𝑃𝑃)-dimensional matrix of coefficient 

estimates 𝜽𝜽�. The 𝑝𝑝-th column of results matrix  𝜽𝜽� can be obtained as follows: 

𝜽𝜽�𝑝𝑝 = 𝜽𝜽�𝒆𝒆𝑝𝑝 = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝑹𝑹𝑹𝑹(𝒁𝒁′𝒁𝒁)−1𝒆𝒆𝑝𝑝 (A19) 

where 𝒆𝒆𝑝𝑝 is a 𝑃𝑃-dimensional vector of zeroes with a one on position 𝑝𝑝. Proposition 2 

claims that 𝜽𝜽�𝑝𝑝 ≡ 𝜷𝜷�𝑝𝑝 where 𝜷𝜷�𝑝𝑝 refers to the portfolio 𝑝𝑝 coefficient estimates from esti-

mating the second-step time-series regression of the portfolio sorts approach. The re-

spective coefficient estimates have been derived in Equation (A7). We thus have to 

proof that 𝜽𝜽�𝑝𝑝 ≡ 𝜷𝜷�𝑝𝑝 = (𝑿𝑿′𝑿𝑿)−1𝑿𝑿′𝑹𝑹𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�
−1

 or, equivalently, that 

𝒁𝒁(𝒁𝒁′𝒁𝒁)−1𝒆𝒆𝑝𝑝 ≡ 𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�
−1

 (A20) 

To show that (A20) indeed is an identity, we note that 𝒅𝒅𝑝𝑝 = 𝒁𝒁𝒆𝒆𝒑𝒑 and that (𝒁𝒁′𝒁𝒁)−1 is a 

diagonal matrix with element (𝒁𝒁′𝒁𝒁)𝑝𝑝,𝑝𝑝
−1 = �𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�

−1
. With (𝒁𝒁′𝒁𝒁)−1𝒆𝒆𝒑𝒑 =

�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�
−1
𝒆𝒆𝒑𝒑 = 𝒆𝒆𝒑𝒑�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�

−1
 it therefore holds true that 
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𝒁𝒁(𝒁𝒁′𝒁𝒁)−1𝒆𝒆𝑝𝑝 = 𝒁𝒁𝒆𝒆𝒑𝒑�
𝒅𝒅𝑝𝑝

�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�
−1

= 𝒅𝒅𝑝𝑝�𝒅𝒅𝑝𝑝′ 𝒅𝒅𝑝𝑝�
−1

 (A21) 

This shows that 𝜽𝜽�𝑝𝑝 ≡ 𝜷𝜷�𝑝𝑝 and, hence, completes the first part of the proof of Proposition 

2. ∎ 

Next, we turn to the standard errors for the coefficient estimates. With 𝑟𝑟𝑝𝑝𝑝𝑝 =

𝑁𝑁𝑝𝑝−1 ∑ 𝑧𝑧𝑖𝑖
𝑝𝑝𝑟𝑟𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1  and 𝜽𝜽�𝑝𝑝 = 𝜷𝜷�𝑝𝑝, the (estimated) residual 𝜀𝜀𝑝̂𝑝𝑝𝑝 for the portfolio sorts ap-

proach in equation (6) is equal to 

𝜀𝜀𝑝̂𝑝𝑝𝑝 = 𝑁𝑁𝑝𝑝−1 ∑ 𝑧𝑧𝑖𝑖
(𝑝𝑝)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1 ≡ 𝑁𝑁𝑝𝑝−1𝑉𝑉𝑝𝑝𝑝𝑝  (A22) 

where 𝑣𝑣�𝑖𝑖𝑖𝑖 is the (estimated) residual from pooled OLS regression (7). Replacing 𝜀𝜀𝑝̂𝑝𝑝𝑝 in 

(A8) by the corresponding term from (A22) yields 

𝑁𝑁𝑝𝑝2 𝑺𝑺�𝑻𝑻 = ∑ 𝑉𝑉𝑝𝑝𝑝𝑝2𝑇𝑇
𝑡𝑡=1 𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡 + ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻  ∑ �𝑉𝑉𝑝𝑝𝑝𝑝𝑉𝑉𝑝𝑝,𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 +𝑇𝑇

𝜏𝜏=𝑗𝑗+1
𝐻𝐻
𝑗𝑗=1

𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�� ≡ 𝑺𝑺�𝑻𝑻
(𝑝𝑝)  

(A23) 

As a consequence, we finally obtain the Newey and West (1987) standard errors in case 

of the portfolio sorts approach as follows: 

𝑽𝑽��𝜷𝜷�𝑝𝑝� = 𝑁𝑁𝑝𝑝−2(𝑿𝑿′𝑿𝑿)−1𝑺𝑺�𝑻𝑻
(𝑝𝑝)(𝑿𝑿′𝑿𝑿)−1  (A24) 

We now consider the GPS-model with matrix 𝒁𝒁 defined as in Equation (A18). The 

�𝑃𝑃 × (𝐾𝐾 + 1)�-dimensional column vector 𝒉𝒉𝜏𝜏�𝜽𝜽�� from (A5) in this case is equal to 

𝒉𝒉𝜏𝜏�𝜽𝜽�� = (𝒁𝒁′⨂𝒙𝒙𝜏𝜏′ ) 𝝂𝝂� =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡ ∑ 𝑧𝑧𝑖𝑖

(1)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1

𝑥𝑥1𝜏𝜏 ∑ 𝑧𝑧𝑖𝑖
(1)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1
⋮

𝑥𝑥𝐾𝐾𝐾𝐾 ∑ 𝑧𝑧𝑖𝑖
(1)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1

∑ 𝑧𝑧𝑖𝑖
(2)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1

𝑥𝑥1𝜏𝜏 ∑ 𝑧𝑧𝑖𝑖
(2)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1
⋮

𝑥𝑥𝐾𝐾𝐾𝐾 ∑ 𝑧𝑧𝑖𝑖
(𝑃𝑃)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1 ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

=

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎡
𝑉𝑉1𝜏𝜏

𝑥𝑥1𝜏𝜏𝑉𝑉1𝜏𝜏
⋮

𝑥𝑥𝐾𝐾𝐾𝐾𝑉𝑉1𝜏𝜏
𝑉𝑉2𝜏𝜏

𝑥𝑥1𝜏𝜏𝑉𝑉2𝜏𝜏
⋮

𝑥𝑥𝐾𝐾𝐾𝐾𝑉𝑉𝑃𝑃𝑃𝑃⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎤

= (𝑰𝑰𝑃𝑃⨂𝒙𝒙𝜏𝜏′ ) �
𝑉𝑉1𝜏𝜏
⋮
𝑉𝑉𝑃𝑃𝑃𝑃

� ≡

(𝑰𝑰𝑃𝑃⨂𝒙𝒙𝜏𝜏′ )𝑽𝑽𝜏𝜏  

(A25) 
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where 𝑰𝑰𝑃𝑃 is the 𝑃𝑃-dimensional identity matrix. With (A25) it follows for 𝛀𝛀�𝑗𝑗 in Equation 

(A5) that  

𝛀𝛀�𝑗𝑗 = ∑ (𝑰𝑰𝑃𝑃⨂𝒙𝒙𝜏𝜏′ )𝑽𝑽𝜏𝜏𝑽𝑽𝜏𝜏−𝑗𝑗′ �𝑰𝑰𝑃𝑃⨂𝒙𝒙𝜏𝜏−𝑗𝑗�𝑇𝑇
𝜏𝜏=𝑗𝑗+1 = ∑ �𝑽𝑽𝜏𝜏𝑽𝑽𝜏𝜏−𝑗𝑗′ �⨂�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗�𝑇𝑇

𝜏𝜏=𝑗𝑗+1   (A26) 

As a result, matrix 𝑺𝑺�𝑻𝑻 in (A5) can be written as follows: 

𝑺𝑺�𝑻𝑻 =   �(𝑽𝑽𝑡𝑡𝑽𝑽𝑡𝑡′)⨂(𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)
𝑇𝑇

𝑡𝑡=1

+  �𝜔𝜔𝑗𝑗,𝐻𝐻 � ��𝑽𝑽𝜏𝜏𝑽𝑽𝜏𝜏−𝑗𝑗′ �⨂�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗�
𝑇𝑇

𝜏𝜏=𝑗𝑗+1

𝐻𝐻

𝑗𝑗=1

+ �𝑽𝑽𝜏𝜏−𝑗𝑗𝑽𝑽𝜏𝜏′ �⨂�𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�� 

(A27) 

We next define 𝑺𝑺�𝑻𝑻
(𝑝𝑝,𝑞𝑞) as follows 

𝑺𝑺�𝑻𝑻
(𝑝𝑝,𝑞𝑞) ≡   �𝑉𝑉𝑝𝑝𝑝𝑝𝑉𝑉𝑞𝑞𝑞𝑞(𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)

𝑇𝑇

𝑡𝑡=1

+  �𝜔𝜔𝑗𝑗,𝐻𝐻 � �𝑉𝑉𝑝𝑝𝑝𝑝𝑉𝑉𝑞𝑞,𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗� + 𝑉𝑉𝑝𝑝,𝜏𝜏−𝑗𝑗𝑉𝑉𝑞𝑞𝑞𝑞�𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏��
𝑇𝑇

𝜏𝜏=𝑗𝑗+1

𝐻𝐻

𝑗𝑗=1

 

(A28) 

where 𝑉𝑉𝑝𝑝𝑝𝑝 is a scalar as in (A22) above. Consequently, matrix 𝑺𝑺�𝑻𝑻 is equal to  

𝑺𝑺�𝑻𝑻 =   �
𝑺𝑺�𝑻𝑻

(1,1) ⋯ 𝑺𝑺�𝑻𝑻
(1,𝑃𝑃)

⋮ ⋱ ⋮
𝑺𝑺�𝑻𝑻

(𝑃𝑃,1) ⋯ 𝑺𝑺�𝑻𝑻
(𝑃𝑃,𝑃𝑃)

� (A29) 

Moreover, with matrix 𝒁𝒁 being defined according to (A18), 𝒁𝒁′𝒁𝒁 now is a (𝑃𝑃 × 𝑃𝑃)-

dimensional diagonal matrix with element (𝑝𝑝,𝑝𝑝) equal to 𝑁𝑁𝑝𝑝 and all off-diagonal ele-

ments equal to zero. With 𝑺𝑺�𝑻𝑻 structured according to Expression (A29), we can thus 

rewrite 𝑽𝑽��𝜽𝜽�� in (A5) as follows: 

𝑽𝑽��𝜽𝜽��

=  �
𝑁𝑁1−2(𝑿𝑿′𝑿𝑿)−𝟏𝟏𝑺𝑺�𝑻𝑻

(1,1)(𝑿𝑿′𝑿𝑿)−𝟏𝟏 ⋯ 𝑁𝑁1−1𝑁𝑁𝑃𝑃−1(𝑿𝑿′𝑿𝑿)−𝟏𝟏𝑺𝑺�𝑻𝑻
(1,𝑃𝑃)(𝑿𝑿′𝑿𝑿)−𝟏𝟏

⋮ ⋱ ⋮
𝑁𝑁1−1𝑁𝑁𝑃𝑃−1(𝑿𝑿′𝑿𝑿)−𝟏𝟏𝑺𝑺�𝑻𝑻

(𝑃𝑃,1)(𝑿𝑿′𝑿𝑿)−𝟏𝟏 ⋯ 𝑁𝑁𝑃𝑃−2(𝑿𝑿′𝑿𝑿)−𝟏𝟏𝑺𝑺�𝑻𝑻
(𝑃𝑃,𝑃𝑃)(𝑿𝑿′𝑿𝑿)−𝟏𝟏

� 
(A30) 

The second part of Proposition 2 claims that SE(𝜃𝜃�𝑝𝑝,𝑘𝑘) = SE(𝛽̂𝛽𝑝𝑝,𝑘𝑘) for 𝑘𝑘 = 0, 1, … ,𝐾𝐾 

and 𝑝𝑝 = 1, … ,𝑃𝑃. To proof that this holds true, it is sufficient to show that 
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𝑁𝑁𝑝𝑝−2(𝑿𝑿′𝑿𝑿)−𝟏𝟏𝑺𝑺�𝑻𝑻
(𝑝𝑝,𝑝𝑝)(𝑿𝑿′𝑿𝑿)−𝟏𝟏 in Expression (A30) is identical to 𝑽𝑽��𝜷𝜷�𝑝𝑝� in Equation 

(A24) for every 𝑝𝑝 = 1, … ,𝑃𝑃.  This in turn is equivalent to demonstrating that 𝑺𝑺�𝑻𝑻
(𝑝𝑝) from 

(A23) coincides with 𝑺𝑺�𝑻𝑻
(𝑝𝑝,𝑝𝑝) in (A28). By comparing the two expressions we see that 

this holds true, which completes the proof. ∎ 

 

A.3  Proof of Proposition 3 

Proposition 3 states that the GPS-model can reproduce the results of the portfolio sorts 

approach for the case of performance differences between two portfolios. In order to 

compare the performance of firms in group “high” with that of firms belonging to group 

“low”, we have to specify vector 𝒛𝒛𝑖𝑖 as 𝒛𝒛𝑖𝑖 = [ 1   𝑧𝑧𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)] such that the (𝑁𝑁 × 2)-dimen-

sional matrix 𝒁𝒁 comprising the characteristics of all 𝑁𝑁 firms is equal to 𝒁𝒁 = [𝚤𝚤 𝒅𝒅ℎ𝑖𝑖𝑖𝑖ℎ]. 

This matches the definition of matrix 𝒁𝒁 in Expression (A9) which is used for deriving 

the results of performance differences in case of the portfolio sorts approach. Estimat-

ing the GPS-model in (A2) with pooled OLS yields the coefficient estimates, structured 

as a ((𝐾𝐾 + 1) × 2)-dimensional matrix, in Equation (A4). 

The second column of 𝜽𝜽� in (A4) contains the coefficient estimates for the interaction 

terms between dummy variable 𝑧𝑧𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ) and the factor variables in vector 𝒙𝒙𝑡𝑡. In Equation 

(12), those coefficient estimates are named 𝜃𝜃�Δ𝑘𝑘. To extract the coefficient estimates for 

𝜃𝜃�Δ𝑘𝑘 from 𝜽𝜽�, we post-multiply Expression (A4) with 𝒆𝒆2. The resulting term coincides 

with the one in Equation (A10) for the portfolio sorts approach. This shows that 𝛽̂𝛽Δ𝑘𝑘 ≡

𝜃𝜃�Δ𝑘𝑘 (∀ 𝑘𝑘 = 0, 1, … ,𝐾𝐾).  

The first column of 𝜽𝜽� in (A4) comprises the coefficient estimates for subject group 

“low”. In Equation (12), the respective coefficient estimates are labeled as 𝜃𝜃�𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 (with 

𝑘𝑘 = 0, 1, … ,𝐾𝐾). The coefficient estimates for 𝜃𝜃𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘  are retrieved by post-multiplying 

(A4) with 𝒆𝒆1. In case of the portfolio sorts approach, we obtain the coefficient estimates 

for the “low” portfolio (𝛽̂𝛽𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘) by repeating the analysis of (A9) and (A10) with 𝒆𝒆1 

replacing 𝒆𝒆2. The resulting expressions for the portfolio sorts approach and the GPS-
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model again coincide. This demonstrates 𝛽̂𝛽𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 ≡ θ�𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 (∀ 𝑘𝑘 = 0, 1, … ,𝐾𝐾) and, 

hence, completes the first part of the proof. ∎ 

For the second part of the proof, we note that due to 𝑟𝑟ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡 = 𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡 + Δ𝑟𝑟𝑝𝑝,𝑡𝑡 the fol-

lowing corollary holds true: 

Corollary 2.        𝛽̂𝛽ℎ𝑖𝑖𝑖𝑖ℎ,𝑘𝑘 = 𝛽̂𝛽𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 + 𝛽̂𝛽Δ𝑘𝑘 = θ�𝑙𝑙𝑙𝑙𝑙𝑙,𝑘𝑘 + 𝜃𝜃�Δ𝑘𝑘   for all 𝑘𝑘 =

0, 1, … ,𝐾𝐾. 
(A31) 

Based on Corollary 2 and Proposition 2, and because of 𝑟𝑟𝑝𝑝𝑝𝑝 = 𝑁𝑁𝑝𝑝−1 ∑ 𝑧𝑧𝑖𝑖
(𝑝𝑝)𝑟𝑟𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1  (for 𝑝𝑝 

= “low”, “high”), residual 𝜀𝜀Δ̂𝑡𝑡 in the second-step time-series regression (11) of the port-

folio sorts approach is equal to 

𝜀𝜀Δ̂𝑡𝑡 = 𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ−1 ∑ 𝑧𝑧𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1 − 𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−1 ∑ 𝑧𝑧𝑖𝑖
(𝑙𝑙𝑙𝑙𝑙𝑙)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1 ≡ 𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ−1 𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡 −

𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−1 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡  
(A32) 

where 𝑣𝑣�𝑖𝑖𝑖𝑖 is the (estimated) residual from pooled OLS regression (7). Replacing 𝜀𝜀Δ̂𝑡𝑡 in 

the Newey and West (1987) covariance matrix estimator (A8) for the coefficient esti-

mates in (A10) by the respective expression in (A32) yields 

 𝑺𝑺�𝑻𝑻 = ��
𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡

𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ
−
𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡

𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙
�
2𝑇𝑇

𝑡𝑡=1

𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡 

+�𝜔𝜔𝑗𝑗,𝐻𝐻  � ��
𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏

𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ
−
𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏

𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙
��

𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗

𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ
−
𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏−𝑗𝑗

𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙
� �𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗

𝑇𝑇

𝜏𝜏=𝑗𝑗+1

𝐻𝐻

𝑗𝑗=1

+ 𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�� 

(A33) 

We now turn to the GPS-model with matrix 𝒁𝒁 being defined as 𝒁𝒁 = [𝚤𝚤 𝒅𝒅ℎ𝑖𝑖𝑖𝑖ℎ]. The 

�2 × (𝐾𝐾 + 1)�-dimensional column vector 𝒉𝒉𝜏𝜏�𝜽𝜽�� from (A5) in this case is equal to 
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𝒉𝒉𝜏𝜏�𝜽𝜽�� = (𝒁𝒁′⨂𝒙𝒙𝜏𝜏′ ) 𝝂𝝂� =

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡ ∑ 𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1
𝑥𝑥1𝜏𝜏 ∑ 𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1
⋮

𝑥𝑥𝐾𝐾𝐾𝐾 ∑ 𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁
𝑖𝑖=1

∑ 𝑧𝑧𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1

𝑥𝑥1𝜏𝜏 ∑ 𝑧𝑧𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1
⋮

𝑥𝑥𝐾𝐾𝐾𝐾 ∑ 𝑧𝑧𝑖𝑖
(ℎ𝑖𝑖𝑖𝑖ℎ)𝑣𝑣�𝑖𝑖𝑖𝑖𝑁𝑁

𝑖𝑖=1 ⎦
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

= �
𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏′
𝒙𝒙𝜏𝜏′ 𝟎𝟎′� �

𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏
𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏

� ≡

�
𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏′
𝒙𝒙𝜏𝜏′ 𝟎𝟎′� 𝑽𝑽𝜏𝜏  

(A34) 

From (A34) and 𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏 + 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏 ≡ 𝑉𝑉𝜏𝜏 it follows for 𝛀𝛀�𝑗𝑗 in Equation (A5) that  

𝛀𝛀�𝑗𝑗 = � �
𝑉𝑉𝜏𝜏𝑉𝑉𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 𝑉𝑉𝜏𝜏𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗

𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏𝑉𝑉𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗
�

𝑇𝑇

𝜏𝜏=𝑗𝑗+1

 (A35) 

As a result, matrix 𝑺𝑺�𝑻𝑻 in (A5) can be written in block form as follows: 

𝑺𝑺�𝑻𝑻 = �
𝑺𝑺�𝑻𝑻

(𝟏𝟏,𝟏𝟏) 𝑺𝑺�𝑻𝑻
(𝟏𝟏,𝟐𝟐)

𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟏𝟏) 𝑺𝑺�𝑻𝑻

(𝟐𝟐,𝟐𝟐)�  (A36) 

where 

𝑺𝑺�𝑻𝑻
(𝟏𝟏,𝟏𝟏) = ∑ 𝑉𝑉𝑡𝑡2(𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)𝑇𝑇

𝑡𝑡=1 + ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻 ∑ �𝑉𝑉𝜏𝜏𝑉𝑉𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 + 𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏��𝑇𝑇
𝜏𝜏=𝑗𝑗+1

𝐻𝐻
𝑗𝑗=1   

𝑺𝑺�𝑻𝑻
(𝟏𝟏,𝟐𝟐) = ∑ 𝑉𝑉𝑡𝑡𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡(𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)𝑇𝑇

𝑡𝑡=1 +  ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻 ∑ �𝑉𝑉𝜏𝜏𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 +𝑇𝑇
𝜏𝜏=𝑗𝑗+1

𝐻𝐻
𝑗𝑗=1

𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏𝑉𝑉𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�  

𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟏𝟏) = ∑ 𝑉𝑉𝑡𝑡𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡(𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)𝑇𝑇

𝑡𝑡=1 +  ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻 ∑ �𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏𝑉𝑉𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 +𝑇𝑇
𝜏𝜏=𝑗𝑗+1

𝐻𝐻
𝑗𝑗=1

𝑉𝑉𝜏𝜏𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�  

𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟐𝟐) = ∑ 𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡

2 (𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)𝑇𝑇
𝑡𝑡=1 +  ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻 ∑ �𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 + 𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏��𝑇𝑇

𝜏𝜏=𝑗𝑗+1
𝐻𝐻
𝑗𝑗=1   

 

Next, we rewrite matrix (𝒁𝒁′𝒁𝒁)−1⨂(𝑿𝑿′𝑿𝑿)−1 in (A5) as  

(𝒁𝒁′𝒁𝒁)−1⨂(𝑿𝑿′𝑿𝑿)−1 =  �
𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−1 (𝑿𝑿′𝑿𝑿)−1 −𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−1 (𝑿𝑿′𝑿𝑿)−1

−𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−1 (𝑿𝑿′𝑿𝑿)−1 �𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−1 + 𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ−1 �(𝑿𝑿′𝑿𝑿)−1� (A37) 

and insert (A37) into the Driscoll and Kraay (1998) covariance matrix estimator of (A5) 

to obtain 
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𝑽𝑽��𝜽𝜽�� = ((𝒁𝒁′𝒁𝒁)−1⨂(𝑿𝑿′𝑿𝑿)−1) 𝑺𝑺�𝑻𝑻 ((𝒁𝒁′𝒁𝒁)−1⨂(𝑿𝑿′𝑿𝑿)−1) = �𝑽𝑽�
(1,1) 𝑽𝑽�(1,2)

𝑽𝑽�(2,1) 𝑽𝑽�(2,2)�  (A38) 

where  

𝑽𝑽�(1,1) = 𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−2 (𝑿𝑿′𝑿𝑿)−1�𝑺𝑺�𝑻𝑻
(𝟏𝟏,𝟏𝟏) − 𝑺𝑺�𝑻𝑻

(𝟏𝟏,𝟐𝟐) − 𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟏𝟏) + 𝑺𝑺�𝑻𝑻

(𝟐𝟐,𝟐𝟐)�(𝑿𝑿′𝑿𝑿)−1  

𝑽𝑽�(1,2) = 𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−1 𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ−1 (𝑿𝑿′𝑿𝑿)−1�𝑺𝑺�𝑻𝑻
(𝟏𝟏,𝟐𝟐) − 𝑺𝑺�𝑻𝑻

(𝟐𝟐,𝟐𝟐)�(𝑿𝑿′𝑿𝑿)−1 − 𝑽𝑽�(1,1)  

𝑽𝑽�(2,1) = 𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−1 𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ−1 (𝑿𝑿′𝑿𝑿)−1�𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟏𝟏) − 𝑺𝑺�𝑻𝑻

(𝟐𝟐,𝟐𝟐)�(𝑿𝑿′𝑿𝑿)−1 − 𝑽𝑽�(1,1)  

𝑽𝑽�(2,2) = 𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ−2 (𝑿𝑿′𝑿𝑿)−1𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟐𝟐)(𝑿𝑿′𝑿𝑿)−1 − 𝑽𝑽�(1,1) − 𝑽𝑽�(1,2) − 𝑽𝑽�(2,1)  

 

According to the second part of Proposition 3, we have to show that 𝑽𝑽�(2,2) in (A38) 

coincides with the Newey-West covariance matrix estimator in (A10) with  𝑺𝑺�𝑻𝑻 specified 

as in (A33). Therefore, we simplify the “sandwich” expressions in (A38) as follows 

𝑺𝑺�𝑻𝑻
(𝟏𝟏,𝟏𝟏) − 𝑺𝑺�𝑻𝑻

(𝟏𝟏,𝟐𝟐) − 𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟏𝟏) + 𝑺𝑺�𝑻𝑻

(𝟐𝟐,𝟐𝟐) = ∑ 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡
2 (𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)𝑇𝑇

𝑡𝑡=1 +

 ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻 ∑ �𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 + 𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏��𝑇𝑇
𝜏𝜏=𝑗𝑗+1

𝐻𝐻
𝑗𝑗=1   

𝑺𝑺�𝑻𝑻
(𝟏𝟏,𝟐𝟐) − 𝑺𝑺�𝑻𝑻

(𝟐𝟐,𝟐𝟐) = ∑ 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡(𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)𝑇𝑇
𝑡𝑡=1 +

 ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻 ∑ ��𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 + �𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏−𝑗𝑗𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏�𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�𝑇𝑇
𝜏𝜏=𝑗𝑗+1

𝐻𝐻
𝑗𝑗=1   

𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟏𝟏) − 𝑺𝑺�𝑻𝑻

(𝟐𝟐,𝟐𝟐) = ∑ 𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡(𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡)𝑇𝑇
𝑡𝑡=1 +

 ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻 ∑ ��𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 + �𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏�𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�𝑇𝑇
𝜏𝜏=𝑗𝑗+1

𝐻𝐻
𝑗𝑗=1   

and insert the resulting expressions into 𝑽𝑽�(2,2) from (A38). This finally yields 

𝑽𝑽�(2,2) = (𝑿𝑿′𝑿𝑿)−1 𝑸𝑸�𝑻𝑻𝛥𝛥 (𝑿𝑿′𝑿𝑿)−1   

with 

𝑸𝑸�𝑻𝑻𝛥𝛥 =  ��
𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝑡𝑡

𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ
−
𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡

𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙
�
2𝑇𝑇

𝑡𝑡=1

𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡 

+�𝜔𝜔𝑗𝑗,𝐻𝐻  � ��
𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏

𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ
−
𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏

𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙
��

𝑉𝑉ℎ𝑖𝑖𝑖𝑖ℎ,𝜏𝜏−𝑗𝑗

𝑁𝑁ℎ𝑖𝑖𝑖𝑖ℎ
−
𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏−𝑗𝑗

𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙
� �𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗

𝑇𝑇

𝜏𝜏=𝑗𝑗+1

𝐻𝐻

𝑗𝑗=1

+ 𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏�� 

(A39) 
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Since 𝑸𝑸�𝑻𝑻𝛥𝛥 in (A39) and  𝑺𝑺�𝑻𝑻 in (A33) coincide, this shows that SE(𝜃𝜃�Δ𝑘𝑘) = SE(𝛽̂𝛽Δ𝑘𝑘) for 

all  𝑘𝑘 = 0, 1, … ,𝐾𝐾.  

The last part of Proposition (3) claims that 𝑽𝑽�(1,1) in (A38) coincides with the Newey-

West covariance matrix estimator for the second-step time-series regression of the port-

folio sorts approach applied to portfolio “low”. The respective Newey-West covariance 

estimator has been derived in Expression (A24) above with 𝑝𝑝 = “low”. By replacing 

𝑺𝑺�𝑻𝑻
(𝟏𝟏,𝟏𝟏) − 𝑺𝑺�𝑻𝑻

(𝟏𝟏,𝟐𝟐) − 𝑺𝑺�𝑻𝑻
(𝟐𝟐,𝟏𝟏) + 𝑺𝑺�𝑻𝑻

(𝟐𝟐,𝟐𝟐) with the corresponding term derived above, we finally 

obtain the following expression for 𝑽𝑽�(1,1): 

𝑽𝑽�(1,1) = (𝑿𝑿′𝑿𝑿)−1 𝑸𝑸�𝑻𝑻
ℎ𝑖𝑖𝑖𝑖ℎ (𝑿𝑿′𝑿𝑿)−1  (A40) 

with 

𝑸𝑸�𝑻𝑻
ℎ𝑖𝑖𝑖𝑖ℎ =  ∑ 𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−2 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝑡𝑡

2𝑇𝑇
𝑡𝑡=1 𝒙𝒙𝑡𝑡′𝒙𝒙𝑡𝑡 + ∑ 𝜔𝜔𝑗𝑗,𝐻𝐻  ∑ �𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙−2 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙,𝜏𝜏−𝑗𝑗�𝒙𝒙𝜏𝜏′ 𝒙𝒙𝜏𝜏−𝑗𝑗 +𝑇𝑇

𝜏𝜏=𝑗𝑗+1
𝐻𝐻
𝑗𝑗=1

𝒙𝒙𝜏𝜏−𝑗𝑗′ 𝒙𝒙𝜏𝜏��  

Since 𝑸𝑸�𝑻𝑻
ℎ𝑖𝑖𝑖𝑖ℎ in (A40) and  𝑺𝑺�𝑻𝑻 for portfolio 𝑝𝑝 = “low” in (A23) are identical, this demon-

strates that SE(𝜃𝜃�low,𝑘𝑘) = SE(𝛽̂𝛽low,𝑘𝑘) for all  𝑘𝑘 = 0, 1, … ,𝐾𝐾. This completes the proof 

of Proposition 3. ∎ 
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Internet Appendix B: Figures 
Figure IA.1: GPS models with pooled WLS, weighted FE, and top-versus-bottom portfolio sorts (5 portfolios) – Fama and French three-factor model 

 

This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). The sample only includes observations which belong to either the 
top- or bottom-quintiles of observations sorted on the respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy which is one for observations 
in the top quintile of the respective firm characteristic. Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡] with RMRF (market excess return), SMB (small minus 
big), and HML (high minus low) representing monthly Fama and French (1993) factor returns. Each bar compares the coefficient estimates from standard portfolio 
sorts (black and gray) to coefficient estimates obtained from estimating a GPS model with FE (orange and yellow) for one of the 94 asset pricing predictors. In all 
models, observation weights are set equal to the beginning-of-time t value-weights of the stocks. Statistical inference is based on Driscoll and Kraay (1998) standard 
errors with a lag-length of three months. The sample period is July 1963 to December 2019. 
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Figure IA.2: GPS models with pooled WLS, weighted FE, and top-versus-bottom portfolio sorts (10 portfolios) – Fama and French three-factor model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). The sample only includes observations which belong to either the 
top- or bottom-deciles of observations sorted on the respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy which is one for observations in 
the top decile of the respective firm characteristic. Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡] with RMRF (market excess return), SMB (small minus 
big), and HML (high minus low) representing monthly Fama and French (1993) factor returns. Each bar compares the coefficient estimates from standard portfolio 
sorts (black and gray) to coefficient estimates obtained from estimating a GPS model with FE (orange and yellow) for one of the 94 asset pricing predictors. In all 
models, observation weights are set equal to the beginning-of-time t value-weights of the stocks. Statistical inference is based on Driscoll and Kraay (1998) standard 
errors with a lag-length of three months. The sample period is July 1963 to December 2019. 
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Figure IA.3: GPS models with pooled WLS, weighted FE, all variables standardized to zero mean, unit standard deviation – Fama and French three-factor 
model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡] with 
RMRF (market excess return), SMB (small minus big), and HML (high minus low) representing monthly Fama and French (1993) factor returns. All firm character-
istics of Gu, Kelly, and Xiu (2020, 2021) are cross-sectionally standardized with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and the standardized firm characteristic. Each bar 
compares the coefficient estimates from standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a GPS model with FE (orange and 
yellow) for one of the 94 asset pricing predictors. In all models, observation weights are set equal to the beginning-of-time t value-weights of the stocks. Statistical 
inference is based on Driscoll and Kraay (1998) standard errors with a lag-length of three months. The sample period is July 1963 to December 2019. 
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Figure IA.4: GPS models with pooled WLS, weighted FE, and top-versus-bottom portfolio sorts (5 portfolios) – Fama and French five-factor model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). The sample only includes observations which belong to either the 
top- or bottom-quintiles of observations sorted on the respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy which is one for observations 
in the top quintile of the respective firm characteristic. Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡     𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡     𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡] with RMRF (market excess return), 
SMB (small minus big), HML (high minus low), RMW (robust minus weak), and CMA (conservative minus aggressive) representing monthly Fama and French 
(2015) factor returns. Each bar compares the coefficient estimates from standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a 
GPS model with FE (orange and yellow) for one of the 94 asset pricing predictors. In all models, observation weights are set equal to the beginning-of-time t value-
weights of the stocks. Statistical inference is based on Driscoll and Kraay (1998) standard errors with a lag-length of three months. The sample period is July 1963 to 
December 2019.  
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Figure IA.5: GPS models with pooled WLS, weighted FE, and top-versus-bottom portfolio sorts (10 portfolios) – Fama and French five-factor model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). The sample only includes observations which belong to either the 
top- or bottom-deciles of observations sorted on the respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy which is one for observations in 
the top decile of the respective firm characteristic. Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡     𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡     𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡] with RMRF (market excess return), SMB 
(small minus big), HML (high minus low), RMW (robust minus weak), and CMA (conservative minus aggressive) representing monthly Fama and French (2015) 
factor returns. Each bar compares the coefficient estimates from standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a GPS 
model with FE (orange and yellow) for one of the 94 asset pricing predictors. In all models, observation weights are set equal to the beginning-of-time t value-weights 
of the stocks. Statistical inference is based on Driscoll and Kraay (1998) standard errors with a lag-length of three months. The sample period is July 1963 to December 
2019. 



19 
 

Figure IA.6: GPS models with pooled WLS, weighted FE, all variables standardized to zero mean, unit standard deviation – Fama and French five-factor 
model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 =
[ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡     𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡     𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡] with RMRF (market excess return), SMB (small minus big), HML (high minus low), RMW (robust minus weak), 
and CMA (conservative minus aggressive) representing monthly Fama and French (2015) factor returns. All firm characteristics of Gu, Kelly, and Xiu (2020, 2021) 
are cross-sectionally standardized with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and the standardized firm characteristic. Each bar compares the coefficient estimates from 
standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a GPS model with FE (orange and yellow) for one of the 94 asset pricing 
predictors. In all models, observation weights are set equal to the beginning-of-time t value-weights of the stocks. Statistical inference is based on Driscoll and Kraay 
(1998) standard errors with a lag-length of three months. The sample period is July 1963 to December 2019. 
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Figure IA.7: GPS models with pooled WLS, weighted FE, and top-versus-bottom portfolio sorts (5 portfolios) – Carhart (1997) four-factor model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). The sample only includes observations which belong to either the 
top- or bottom-quintiles of observations sorted on the respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy which is one for observations 
in the top quintile of the respective firm characteristic. Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡     𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡] with RMRF (market excess return), SMB 
(small minus big), HML (high minus low), and MOM (winners minus losers) representing monthly Carhart (1997) factor returns. Each bar compares the coefficient 
estimates from standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a GPS model with FE (orange and yellow) for one of the 94 
asset pricing predictors. In all models, observation weights are set equal to the beginning-of-time t value-weights of the stocks. Statistical inference is based on Driscoll 
and Kraay (1998) standard errors with a lag-length of three months. The sample period is July 1963 to December 2019. 
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Figure IA.8: GPS models with pooled WLS, weighted FE, and top-versus-bottom portfolio sorts (10 portfolios) – Carhart (1997) four-factor model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). The sample only includes observations which belong to either the 
top- or bottom-deciles of observations sorted on the respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy which is one for observations in 
the top decile of the respective firm characteristic. Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡     𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡] with RMRF (market excess return), SMB (small 
minus big), HML (high minus low), and MOM (winners minus losers) representing monthly Carhart (1997) factor returns. Each bar compares the coefficient estimates 
from standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a GPS model with FE (orange and yellow) for one of the 94 asset 
pricing predictors. In all models, observation weights are set equal to the beginning-of-time t value-weights of the stocks. Statistical inference is based on Driscoll 
and Kraay (1998) standard errors with a lag-length of three months. The sample period is July 1963 to December 2019. 
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Figure IA.9: GPS models with pooled WLS, weighted FE, all variables standardized to zero mean, unit standard deviation – Carhart (1997) four-factor 
model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡      𝑆𝑆𝑆𝑆𝐵𝐵𝑡𝑡     𝐻𝐻𝐻𝐻𝐿𝐿𝑡𝑡     𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡] 
with RMRF (market excess return), SMB (small minus big), HML (high minus low), and MOM (winners minus losers) representing monthly Carhart (1997) factor 
returns. All firm characteristics of Gu, Kelly, and Xiu (2020, 2021) are cross-sectionally standardized with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and the standardized firm 
characteristic. Each bar compares the coefficient estimates from standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a GPS 
model with FE (orange and yellow) for one of the 94 asset pricing predictors. In all models, observation weights are set equal to the beginning-of-time t value-weights 
of the stocks. Statistical inference is based on Driscoll and Kraay (1998) standard errors with a lag-length of three months. The sample period is July 1963 to December 
2019. 
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Figure IA.10: GPS models with pooled WLS, weighted FE, and top-versus-bottom portfolio sorts (5 portfolios) – Market model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). The sample only includes observations which belong to either the 
top- or bottom-quintiles of observations sorted on the respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy which is one for observations 
in the top quintile of the respective firm characteristic. Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡] with RMRF representing the market excess return. Each bar compares 
the coefficient estimates from standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a GPS model with FE (orange and yellow) 
for one of the 94 asset pricing predictors. In all models, observation weights are set equal to the beginning-of-time t value-weights of the stocks. Statistical inference 
is based on Driscoll and Kraay (1998) standard errors with a lag-length of three months. The sample period is July 1963 to December 2019. 



24 
 

Figure IA.11: GPS models with pooled WLS, weighted FE, and top-versus-bottom portfolio sorts (10 portfolios) – Market model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). The sample only includes observations which belong to either the 
top- or bottom-deciles of observations sorted on the respective firm characteristic with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and a dummy which is one for observations in 
the top decile of the respective firm characteristic. Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡] with RMRF representing the market excess return. Each bar compares the 
coefficient estimates from standard portfolio sorts (black and gray) to coefficient estimates obtained from estimating a GPS model with FE (orange and yellow) for 
one of the 94 asset pricing predictors. In all models, observation weights are set equal to the beginning-of-time t value-weights of the stocks. Statistical inference is 
based on Driscoll and Kraay (1998) standard errors with a lag-length of three months. The sample period is July 1963 to December 2019. 
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Figure IA.12: GPS models with pooled WLS, weighted FE, all variables standardized to zero mean, unit standard deviation – Market model 

 
This figure displays results obtained from estimating GPS models either with pooled WLS or a fixed effects estimator testing the predictive power of each individual 
firm characteristic of the set of 94 asset pricing predictors used in Gu, Kelly, and Xiu (2020, 2021). Vector 𝒙𝒙𝑡𝑡 is set to 𝒙𝒙𝑡𝑡 = [ 1     𝑅𝑅𝑅𝑅𝑅𝑅𝐹𝐹𝑡𝑡] with RMRF representing 
the market excess return. All firm characteristics of Gu, Kelly, and Xiu (2020, 2021) are cross-sectionally standardized with vector 𝒛𝒛𝑖𝑖𝑖𝑖 including a constant and the 
standardized firm characteristic. Each bar compares the coefficient estimates from standard portfolio sorts (black and gray) to coefficient estimates obtained from 
estimating a GPS model with FE (orange and yellow) for one of the 94 asset pricing predictors. In all models, observation weights are set equal to the beginning-of-
time t value-weights of the stocks. Statistical inference is based on Driscoll and Kraay (1998) standard errors with a lag-length of three months. The sample period is 
July 1963 to December 2019. 
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