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Abstract

Empirical asset pricing models seek to capture characteristic-based patterns in average stock re-
turns in a parsimonious fashion. I propose a new approach for constructing these models, and
investigate its performance with respect to estimating the cost of equity capital. Using a model that
accounts for the cross-sectional relation between five firm-level characteristics and average stock
returns, I obtain cost-of-equity estimates that outperform the estimates produced by the recently-
developed Fama and French (2014) five-factor model. Because my approach to model construction
builds directly on standard cross-sectional regression techniques, it provides complete flexibility
in choosing the firm characteristics used to formulate the cost-of-equity estimates. This stands in
sharp contrast to competing methods that utilize a small number of prescribed factors.
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1. Introduction

The cost of equity capital (i.e., the expected rate of return on a firm’s stock) plays a central
role in capital budgeting, firm valuation, portfolio selection, and a range of other applications in
finance and accounting. Estimating this quantity is therefore of widespread interest to academics
and practitioners alike. The most commonly used methods for constructing cost-of-equity esti-
mates are finding the internal rate of return that equates a firm’s stock price to the present value
of its estimated expected future cash flows (the internal-cost-of-capital method), and fitting linear
asset pricing models to realized stock returns.1 My analysis focuses on the latter of these two
methods. In particular, I propose a new approach for constructing empirical asset pricing mod-
els, and document the performance of the cost-of-equity estimates produced by a representative
specification.

Empirical asset pricing models are econometric specifications that take observed patterns in
the cross-section of average stock returns as a starting point, and attempt to capture these patterns
in a parsimonious fashion. The three-factor model of Fama and French (1993), which builds on
the findings of Fama and French (1992), is the most famous example of such a specification.2 It
is motivated by evidence that two easily-measured firm characteristics, the market value of equity
(ME) and the book-to-market (B/M) equity ratio, dominate the market beta in explaining the cross-
section of average stock returns. To capture this observed pattern in the data, Fama and French
(1993) add the returns on two characteristic-based portfolios to the right-hand side of the market
model. This produces a multiple regression specification that should have a zero intercept for every
firm if the three factors fully explain the cross-section of expected stock returns.

In contrast to Fama and French (1993), who use evidence from cross-sectional regressions
to motivate a separate and distinct time-series regression specification, I focus on the time-series
implications of the cross-sectional regressions themselves. The general strategy is inspired by a
connection between cross-sectional regression estimators and the type of hedge portfolios that are
employed in the three-factor model. Building on the ideas developed by Fama (1976), I demon-
strate that each element of the estimated vector of slope coefficients for a cross-sectional regression
specification is proportional to the return generated by a characteristic-based hedge portfolio. This
insight lies at the core of my approach for constructing empirical asset pricing models.

To see the origins of the connection between regression estimators and hedge portfolios, let
ri,t and xi,t denote the stock return of firm i in period t and some characteristic of firm i that is
predetermined with respect to period t. The usual approach for assessing whether a characteristic
helps to explain the cross-section of average stock returns consists of two basic steps: use data for
a cross-section of firms to fit a regression of ri,t on xi,t for a range of different time periods, and then
use the average values of the resulting coefficient estimates to draw inferences. It is well known
that the ordinary least squares (OLS) estimator of the slope coefficient for a regression of ri,t on
xi,t is simply a weighted sum of the stock returns used to fit the regression. If one has Nt stocks
in total (e.g., the available number of NYSE, AMEX, and NASDAQ firms for period t), then the

1Studies that use the former approach include Claus and Thomas (2001), Gebhardt et al. (2001), Easton (2004),
and Hou et al. (2012), while those that use the latter approach include Elton et al. (1994), Ferson and Locke (1998),
Pastor and Stambaugh (1999), Cummins and Phillips (2005), and Barth et al. (2013).

2Other examples include the four-factor model of Carhart (1997), the four-factor model of Hou et al. (2014), and
the five-factor model of Fama and French (2014).
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weight for firm i is proportional to xi,t − µ̂x,t, where µ̂x,t = (1/Nt)
∑Nt

i=1 xi,t. It follows, therefore, that
the estimated slope coefficient is the payoff on a zero-cost position in the Nt stocks.

With a little algebra, this zero-cost payoff can be expressed as a rescaled version of the return
on a characteristic-based hedge portfolio, i.e, the return generated by taking a long position in one
portfolio and a short position in another portfolio, both of which have nonnegative characteristic-
dependent weights. Consequently, one can show that fitting a cross-sectional regression of ri,t on
xi,t is equivalent to decomposing the stock return for each firm into a sum of three components, all
of which have a straightforward interpretation. The first component is the return on an equally-
weighted portfolio of the Nt stocks, the second is proportional to the return on a characteristic-
based hedge portfolio, and the third is a firm-specific residual. By fitting the regression for a
range of different time periods and computing the average value of each component, I obtain a
regression-based decomposition of the average stock return for each firm.

This approach easily generalizes to cross-sectional regressions with multiple regressors. Sup-
pose, for example, that the regressors consist of the log ME and log B/M ratio, as in Fama and
French (1992). In this case, one can show that the estimated slope coefficient for the log B/M ratio
is proportional to the return on a characteristic-based hedge portfolio that is constructed as follows.
First, fit a cross-sectional regression of the log B/M ratio on the log ME variable and divide the
firms into two groups: those with positive residuals (stocks purchased) and those with negative
residuals (stocks shorted). Next, form a portfolio of the firms in each group using weights that are
proportional to the absolute values of the residuals. An analogous representation of the estimated
slope coefficient for the log ME regressor is obtained by reversing the roles of the two characteris-
tics in this procedure. Because the associated decomposition implies that average stock returns are
linearly related to the average returns for the market portfolio and two characteristic-based hedge
portfolios, I view it as a natural alternative to the Fama and French (1993) three-factor model.

Similarly, I view the use of regression residuals to group firms into portfolios as a natural
alternative to the procedure pioneered by Fama and French (1993). To implement their procedure,
one sorts the firms in ascending order of the characteristic values for each characteristic (ME
and B/M ratio), group firms that have similar characteristic values together using selected quantile
breakpoints, and construct a set of characteristic-based portfolios by finding the intersections of the
groups for one characteristic with those for the other characteristic. The set of 25 portfolios that
they use to test the three-factor model are formed by intersecting ME quintiles with B/M quintiles.
Using the intersections of the groups identified by sorting firms on each characteristic is designed to
control for the correlation between the characteristics. Although the strategy works reasonably well
with two characteristics, it quickly becomes intractable as the number of characteristics increases.

Using the residuals to group firms, on the other hand, remains tractable regardless of the num-
ber of characteristics under consideration. I therefore propose the following strategy for construct-
ing a set of portfolios that isolate the information provided by a given characteristic about the
cross-section of average stock returns. First, sort the firms in ascending order of the residuals from
a cross-sectional regression of the characteristic of interest on any other characteristics for which
one wants to control. Next, split the sorted firms into two groups: those with positive residuals
and those with negative residuals. Finally, divide the firms contained in each group into five sub-
groups based on the quintile breakpoints for the group, and form an equally-weighted portfolio of
the firms contained in each subgroup. The average returns on the resulting set of decile portfolios
should reflect the marginal cross-sectional explanatory power of the characteristic of interest.

I use this strategy to construct the portfolios employed in the empirical analysis. In particular,
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I construct a set of ten portfolios for each of the characteristics considered. The choice of charac-
teristics is motivated by prior research. I consider the logarithm of ME and the logarithm of the
B/M ratio (Fama and French, 1992, 1993), and the ratio of gross profits to total assets (GP/TA).
Novy-Marx (2013) shows that the cross-sectional explanatory power of the GP/TA ratio rivals that
of the B/M ratio. I also consider two other characteristics from the recent literature: the rate of
growth in total assets (TAG), and the ratio of cash equivalents to total assets (CH/TA). The former
is of interest because the literature reports that capital investment is inversely related to subse-
quent stock returns (see, e.g., Titman et al., 2004; Cordis and Kirby, 2015), and total asset growth
provides a comprehensive picture of a firm’s investment and disinvestment activities (Cooper et
al., 2008). The latter is included based on the emerging evidence that a firm’s cash holdings are
directly related to its subsequent stock returns (see, e.g., Huang and Wang, 2009).

My empirical asset pricing model is based on the same set of five characteristics. Thus I mirror
the Fama and French (1993) approach in the sense that the characteristic-based hedge portfolios
that appear in the model and the characteristic-based portfolios used to evaluate the performance
of the model reflect the same cross-sectional patterns in average stock returns. All of the cross-
sectional regressions are specified using the Fama and French (1992) timing convention, i.e., the
monthly stock returns from July of year t to June of year t+1 are matched with accounting informa-
tion for fiscal years that end in calendar year t − 1. This ensures that the accounting variables used
to construct the regressors are lagged by a minimum of six months, and hence public knowledge
prior to the start of the holding period over which the returns are measured. The sample consists
of NYSE, AMEX, and NASDAQ firms that have non-missing values for the required variables in
the CRSP-Compustat merged database. The sample period is July 1963 to December 2013.

I begin the empirical analysis by regressing monthly firm-level stock returns on various combi-
nations of the five characteristics for every month from July 1963 to December 2013 (606 monthly
regressions). As anticipated, the average values of the estimated slope coefficients are consistent
with the hypothesis that all of the characteristics help to explain the cross-sectional variation in
average stock returns. Most of the associated t-statistics are in the two to eight range in magni-
tude. The estimates produced by the regression are also consistent with those reported in prior
studies that employ similar methods and data. For example, Fama and French (1992) report that
cross-sectional regressions of monthly stock returns on the log ME and log B/M ratio produce
average estimated slopes of −0.11 and 0.35 for the July 1963 to December 1990 sample period.
If I follow their approach of excluding financial firms from the analysis, then their specification
produces average estimated slopes of −0.13 and 0.31, with t-statistics of −2.60 and 4.73, for my
sample period.

Next I examine the properties of the characteristic-based decile portfolios for each characteris-
tic. The evidence suggests that the strategy of using residuals to construct these portfolios works
as intended. In each case, the decile portfolios display substantial cross-sectional variation in the
characteristic of interest while the values of the other characteristics are approximately constant.
The portfolios for the log B/M ratio, for example, have values of the log B/M ratio that range from
−1.88 for decile one to 0.51 for decile ten. But the range of values for each of the remaining four
characteristics is relatively small: 4.2 to 4.7 for the log ME, 0.33 to 0.36 for the GP/TA ratio,
0.17 to 0.27 for TAG, and 0.12 to 0.16 for the CH/TA ratio. One can therefore attribute the cross-
sectional variation in the average returns for the log B/M portfolios almost exclusively to the effect
of variation in the B/M ratio. The average portfolio returns range from 0.83% per month for decile
one to 1.61% per month for decile ten. The results for the other characteristics are similar.
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Finally, I use these portfolios to evaluate the performance of the empirical asset pricing model.
The first step is to assess the in-sample accuracy of the cost-of-equity estimates produced by the
model. These estimates are just the predicted values of the average portfolio returns. Because
the model takes the same general form as a linear factor pricing model, the predicted average
return for a given portfolio depends on its loadings with respect to the characteristic-based hedge
portfolios. However, the loadings for the model are obtained by averaging simple functions of
the portfolio characteristics rather than by fitting a time series regression model. This is a key
distinction between my approach and that developed by Fama and French (1992). Because my
model is derived directly from the cross-sectional regressions, it implies that the cross-sectional
variation in portfolio characteristics explains all of the cross-sectional variation in the average
portfolio returns.

The in-sample analysis reveals that my model produces cost-of-equity estimates that line up
very well with the average portfolio returns for all five sets of decile portfolios. For instance, the
cost-of-equity estimates for decile one are 0.84% per month for the log B/M portfolios, 1.42% per
month for the log ME portfolios, 1.04% per month for the GP/TA portfolios, 1.49% per month for
TAG portfolios, and 0.95% per month for the CH/TA portfolios, whereas the decile one average
returns are 0.82%, 1.62%, 0.98%, 1.52%, and 0.85% per month. Almost all of the deviations
between the cost-of-equity estimates and the average portfolio returns are less than 0.1 percentage
points per month in magnitude. Moreover, the largest deviation is only 0.2 percentage points per
month. These findings are encouraging with respect to the merits of the approach.

Of course the in-sample results may not be a good guide to how the model is likely to perform
in out-of-sample applications. Accordingly, I also provide evidence on the out-of-sample accuracy
of the cost-of-equity estimates produced by the model. This is accomplished as follows. First, I use
the initial 60 months of data in the sample period to compute in-sample cost-of-equity estimates
for each set of decile portfolios. These estimates are used as predicted cost-of-equity values for
the 61st month in the sample. After recording the difference between the predicted cost of equity
for each portfolio and the realized portfolio return (the out-of-sample prediction error), I update
the cost-of-equity estimates by adding the data for the 61st month to the initial 60 months of data.
These estimates are used as predicted cost-of-equity values for the 62nd month. I continue in this
fashion until I reach the end of the sample period. To benchmark the accuracy of the cost-of-equity
forecasts from the model, I use the cost-of-equity forecasts produced by the recently-developed
five-factor model of Fama and French (2014).

Not surprisingly, the cost-of-equity forecasts are less accurate than the in-sample estimates.
Only one of the in-sample estimates produces an error of 0.2 percentage points or more per month,
while 13 of the recursively-updated forecasts produce errors of this magnitude. But the results
for the five-factor model put these numbers in better perspective. There are a few instances in
which the average forecast error produced by the five-factor model is smaller in magnitude than
that produced by my model. In general, however, the opposite is true. Most of the average forecast
errors for the five-factor model exceed 0.2 percentage points per month in magnitude, and a number
of them exceed 0.4 percentage points per month in magnitude. As a consequence, the values of the
mean absolute prediction error (MAPE) and root mean squared prediction error (RMSPE) for the
five-factor model are roughly twice as large as those for my model.

Overall the analysis suggests that my approach to constructing empirical asset pricing models
holds a lot of promise. It can be implemented with little effort beyond that required to fit cross-
sectional regressions of firm-level stock returns on firm characteristics, and the evidence suggests
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that it outperforms the Fama and French (2014) five-factor model in describing the average returns
for all five sets of characteristic-based decile portfolios examined. Although some might criticize
the methodology as lacking a clear theoretical foundation, the same can be said of the Fama and
French (1993) three-factor model, the Fama and French (2014) five-factor model, and any other
pricing model that is motivated by observed patterns in the data. If the measure of success for
an empirical asset pricing model is its ability to accurately account for the relation between firm
characteristics and average stock returns, then my approach to constructing these models should
prove attractive in many applications.

2. Cross-Sectional Regressions and Empirical Asset Pricing Models

Asset pricing theory draws on assumptions about investor preferences and the investment op-
portunity set to derive predictions about the determinants of expected stock returns. The capital
asset pricing model (CAPM) of Sharpe (1964) and Lintner (1965), for example, is derived by as-
suming that investors care only about the mean and variance of returns, and that the set of available
assets includes both stocks and a riskless bond. Empirical asset pricing models, on the other hand,
draw on empirical findings regarding the determinants of average stock returns. They essentially
take the observed cross-sectional patterns in average stock returns as given, and attempt to capture
these patterns in a parsimonious fashion. The three-factor model of Fama and French (1993), for
example, builds on the findings of Fama and French (1992), who use cross-sectional regressions to
show that two easily-measured firm characteristics, the logarithm of ME and the logarithm of the
B/M ratio, dominate the CAPM beta in explaining the cross-section of average stock returns.

Under the three-factor model, a firm’s cost of equity capital is determined by how its stock
return covaries with the three risk factors: the excess return on the value-weighted market portfolio
(the VWM portfolio), the return on a hedge portfolio that shorts large-cap stocks and invests in
small-cap stocks (the SMB portfolio), and the return on a hedge portfolio that shorts stocks with
low B/M ratios and invests in stocks with high B/M ratios (the HML portfolio). Tests of the
model are typically carried out using time-series regression methods. The most common approach
is to regress excess stock returns on the contemporaneous realizations of the risk factors, and
test whether the regression intercept is statistically significant. Fitting the time-series regression
decomposes average excess stock returns into two components. The first is a linear combination of
the average excess return on the VWM portfolio, the average return on the SMB portfolio, and the
average return on the HML portfolio. It represents the estimated cost of equity under the model.
The second is the difference between the estimated cost of equity and the average stock return. It
should converge to zero as the sample size goes to infinity if the model holds.

In this section, I outline a simple approach for using a sequence of cross-sectional regressions
to construct a similar decomposition of average stock returns. I begin by showing that fitting a
cross-sectional regression model for a given time period decomposes the return for each stock into
a linear combination of the returns on a set of hedge portfolios plus a residual. Because the residual
is an estimate of the unexpected component of the return under the specification, its average value
over time should be close to zero. As a consequence, averaging the fitted values obtained by esti-
mating the cross-sectional regression for a number of different time periods produces an additive
decomposition of average stock returns. This decomposition underpins the proposed class of em-
pirical asset pricing models. It takes the same general form as the decomposition obtained by fitting
a linear factor pricing model that specifies the returns on the characteristic-based hedge portfolios

5



as factors. However, the estimated factor loadings are direct functions of the firm characteristics,
not estimated regression coefficients.

2.1. Cross-sectional regression estimators and hedge portfolios
Research on the relation between firm characteristics and stock returns is typically conducted

using regressions of the type pioneered by Fama and MacBeth (1973). To illustrate the general
idea, consider a scenario in which a researcher has data on stock returns for a collection of N firms
for periods t = 1, 2, . . . ,T .3 Let ri,t denote the stock return for the ith firm in period t, and let xi,t

denote a K×1 vector of predetermined characteristics for the ith firm in period t. The methodology
consists of two basic steps. First, fit a cross-sectional regression model of the form

ri,t = α + x′i,tβ + εi,t, i = 1, 2, . . . ,N, (1)

for each t ∈ {1, 2, . . . ,T }. This delivers a sequence {α̂t, β̂t}
T
t=1 of estimated intercept and slope coef-

ficients. Second, compute the average value of the K × 1 vector β̂t. If any element of (1/T )
∑T

t=1 β̂t
is statistically significant, then one concludes that there is evidence of a relation between the cor-
responding firm characteristic and expected stock returns.

The well-known analytic formula for the OLS estimator implies that β̂t = Σ̂
−1
xx,tΣ̂xr,t, where

Σ̂xx,t =
1
N

N∑
i=1

xi,tx′i,t −
 1

N

N∑
i=1

xi,t

  1
N

N∑
i=1

x′i,t

 (2)

denotes the K × K sample covariance matrix of xi,t and

Σ̂xr,t =
1
N

N∑
i=1

xi,tri,t −

 1
N

N∑
i=1

xi,t

  1
N

N∑
i=1

ri,t

 (3)

denotes the K×1 vector of sample covariances between xi,t and ri,t. But it is clear that the estimator
can also be expressed as

β̂t =
1
N

N∑
i=1

zi,tri,t, (4)

where

zi,t = Σ̂
−1
xx,t

xi,t −
1
N

N∑
i=1

xi,t

 . (5)

This shows that the elements of β̂t are simply linear combinations of the returns for period t. It
follows, therefore, that β̂t can be interpreted as a vector of portfolio returns.4

3I assume that N is fixed for ease of exposition. Allowing the number of stocks used to fit the regression model to
vary from one period to the next presents no difficulties.

4This insight dates back to Fama (1976). To put it in context, it is important to note that
∑N

i=1 zi,t = 0, i.e., the
portfolio weights sum to zero. As a consequence, each portfolio entails an unrestricted degree of leverage that changes
with the units used to measure the associated characteristic. Suppose, for example, that xi j,t is expressed in decimal
form. If the units of xi j,t are changed to percent, then the value of β̂ j,t will decrease by a factor of 100. Because the
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To illustrate this more clearly, consider the K = 1 case. The scalar version of equation (5) takes
the form

zi,t =
xi,t − x̄t

σ̂2
x,t

, (6)

where x̄t = (1/N)
∑N

i=1 xi,t and σ̂2
x,t = (1/N)

∑N
i=1(xi,t − x̄t)2. It is easy to see that zi,t satisfies

zi,t = max(zi,t, 0) + min(zi,t, 0), (7)

and also that
∑N

i=1 max(zi,t, 0) = −
∑N

i=1 min(zi,t, 0) because
∑N

i=1 zi,t = 0. Hence, one can always
express zi,t in the form

zi,t =

 N∑
i=1

max(zi,t, 0)

 ( max(zi,t, 0)∑N
i=1 max(zi,t, 0)

−
min(zi,t, 0)∑N

i=1 min(zi,t, 0)

)
, (8)

or equivalently as

zi,t =

 N∑
i=1

max(zi,t, 0)

 (w+
i,t − w−i,t), (9)

where w+
i,t and w−i,t denote nonnegative weights that satisfy

∑N
i=1 w+

i,t = 1 and
∑N

i=1 w−i,t = 1.5 I can
therefore express the estimated slope coefficient for period t as

β̂t =

 1
N

N∑
i=1

max(zi,t, 0)

 rh,t, (10)

where rh,t =
∑N

i=1 w+
i,tri,t −

∑N
i=1 w−i,tri,t denotes the return for period t on a characteristic-based hedge

portfolio.
The term that multiplies rh,t has a simple interpretation. Let z̄+

t = (1/N)
∑N

i=1 max(zi,t, 0) denote
this term, and let r+

t =
∑N

i=1 w+
i,tri,t and r−t =

∑N
i=1 w−i,tri,t. Using r f ,t to denote the return on a one-

period discount bond, I can express equation (10) as β̂t = rL,t − rS ,t, where rL,t = z̄+
t r+

t + (1 − z̄+
t )r f ,t

and rS ,t = z̄+
t r−t + (1 − z̄+

t )r f ,t are the returns on unit-cost portfolios that include both stocks and
the discount bond. Hence, z̄+

t represents the fraction of wealth that must be invested in stocks in
order to construct a zero-cost portfolio whose return is β̂t. If the value of z̄+

t exceeds one, then the
zero-cost portfolio entails long and short positions in leveraged unit-cost portfolios.

Intuitively, β̂t captures the return to a simple self-financing trading strategy that uses the funds
generated by shorting the subset of stocks with xi,t < x̄t to invest in the subset of stocks with
xi,t > x̄t. Most cross-sectional regressions in the finance literature are specified such that this
sort of trading strategy is feasible. That is, they are specified such that the characteristics used as
regressors are lagged by an amount that is sufficient to ensure that the values of these variables
are public information at the beginning of the holding period over which the stock returns are
measured. Note that even if the linearity assumption of the cross-sectional regression model is

scale of each slope coefficient is arbitrary, it may be more intuitive to interpret β̂ j,t as the payoff obtained by investing
an amount zi j,t/N in the ith stock for i = 1, 2, . . . ,N.

5To be specific, w+
i,t = max(zi,t, 0)/

∑N
i=1 max(zi,t, 0) and w−i,t = min(zi,t, 0)/

∑N
i=1 min(zi,t, 0).

7



violated, the existence of any monotonic cross-sectional relation between xi,t and expected stock
returns should be enough to imply that the return to the trading strategy is significantly different
from zero for a large cross-section of stocks. For example, if the expected stock return for a
firm decreases monotonically with firm size, as measured by log ME, then the probability that the
trading strategy generates a negative return should be close to one provided that N is sufficiently
large.

Generalizing the analysis to the K > 1 case is straightforward. Let ui j,t denote the residual for
the ith firm obtained by fitting a cross-sectional regression for period t using the jth characteristic
as the dependent variable and the remaining K − 1 characteristics as regressors. By employing the
analytic expression for the inverse of Σ̂xx,t (see, e.g., Stevens, 1998), I find that the K × 1 vector zi,t

has a typical element of the form
zi j,t =

ui j,t

σ̂2
u j,t
, (11)

where σ̂2
u j,t = (1/N)

∑N
i=1 u2

i j,t.
6 Because

∑N
i=1 zi j,t = 0 for all j ∈ (1, . . . ,K), I can use identical

arguments to those employed for the K = 1 case to express the jth element of the vector of
estimated slopes for period t as

β̂ j,t =

 1
N

N∑
i=1

max(zi j,t, 0)

 rh j,t, (12)

where rh j,t =
∑N

i=1 w+
i j,tri,t −

∑N
i=1 w−i j,tri,t denotes the return for period t on a characteristic-based

hedge portfolio for the jth characteristic.7

A notable feature of the K > 1 case is that the weights used to construct the hedge portfolio
for the jth characteristic are cross-sectionally uncorrelated with all other characteristics. In other
words, the regression-based approach for constructing hedge portfolios automatically controls for
the cross-sectional correlations between the characteristics under consideration. Thus rh j,t should
reflect the marginal predictive ability of the jth characteristic with respect to the cross-section of
average stock returns. This is a very useful property from the standpoint of constructing empirical

6To illustrate, suppose that K = 2, and hence Σ̂xx,t takes the form

Σ̂xx,t =

 σ̂2
x1,t σ̂x1 x2,t

σ̂x2 x1,t σ̂2
x2,t

 .
Using equation (5) along with the well-known analytic formula for the inverse of a 2 × 2 matrix yields(

zi1,t
zi2,t

)
=

 1
σ̂2

x1,tσ̂
2
x2,t − σ̂x1 x2,tσ̂x2 x1,t

  σ̂2
x2,t −σ̂x1 x2,t

−σ̂x2 x1,t σ̂2
x1,t

  xi1,t − x̄1,t

xi2,t − x̄2,t

 ,
where x̄1,t = (1/N)

∑N
i=1 xi1,t and x̄2,t = (1/N)

∑N
i=1 xi2,t. Thus one obtains

zi1,t =
xi1,t − x̄1,t − (xi2,t − x̄2,t)(σ̂x1 x2,t/σ̂

2
x2,t)

σ̂2
x1,t − (σ̂x1 x2,tσ̂x2 x1,t)/σ̂

2
x2,t

, zi2,t =
xi2,t − x̄2,t − (xi1,t − x̄1,t)(σ̂x2 x1,t/σ̂

2
x1,t)

σ̂2
x2,t − (σ̂x1 x2,tσ̂x2 x1,t)/σ̂

2
x1,t

,

which is consistent with equation (11) given the definitions of ui j,t and σ̂2
u j,t.

7The weights are w+
i j,t = max(zi j,t, 0)/

∑N
i=1 max(zi j,t, 0) and w−i j,t = min(zi j,t, 0)/

∑N
i=1 min(zi j,t, 0).
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asset pricing models.

2.2. A regression-based decomposition of average stock returns
Now consider the implications of fitting the regression in equation (1) for a number of different

time periods. The OLS estimator of the intercept for time period t is given by

α̂t = rew,t −

K∑
j=1

x̄ j,tβ̂ j,t (13)

where rew,t = (1/N)
∑N

i=1 ri,t denotes the return generated by an equally-weighted portfolio of the N
stocks and x̄ j,t = (1/N)

∑N
i=1 xi j,t denotes the cross-sectional mean of the jth characteristic. Using

equation (13), I can express the fitted value of ri,t as

r̂i,t = rew,t +

K∑
j=1

(xi j,t − x̄ j,t)β̂ j,t. (14)

Hence, using the expression for β̂ j,t given in equation (12), it follows that

ri,t = rew,t +

K∑
j=1

γi j,trh j,t + ei,t, (15)

where γi j,t is given by

γi j,t = (xi j,t − x̄ j,t)

 1
N

N∑
i=1

max(zi j,t, 0)

 (16)

and ei,t = ri,t − r̂i,t denotes the residual for firm i in period t (the estimate of εi,t).
Equation (15) shows that the cross-sectional regression for period t decomposes the stock return

for each firm into three components: the return on an equally-weighted portfolio of the N stocks, a
linear combination of the returns on the set of K characteristic-based hedge portfolios, and a firm-
specific residual. Fitting this regression to the returns for T different time periods and averaging
equation (15) across time therefore delivers a similar decomposition of the average stock return for
each firm. Specifically, one obtains

r̄i = r̄ew +

K∑
j=1

γ̄i jr̄h j +

K∑
j=1

ĉov(γi j,t, rh j,t) + ēi, (17)

where r̄i = (1/T )
∑T

t=1 ri,t denotes the average stock return for the ith firm, r̄ew, γ̄i j, r̄h j and ēi denote
the average values of the indicated variables computed in same manner, and

ĉov(γi j,t, rh j,t) = (1/T )
T∑

t=1

(γi j,t − γ̄i j)(rh j,t − r̄h j) (18)

denotes the estimated covariance between γi j,t and rh j,t.
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2.3. The proposed class of empirical asset pricing models
The decomposition of r̄i in equation (17) is exact, i.e., it holds by construction. Note, however,

that ēi should be close to zero, because it represents the average estimated value of the unexpected
component of the stock return for firm i under the cross-sectional regression model. I also expect
ĉov(γi j,t, rh j,t) to be close to zero for all j provided that γi j,t is a function of information contained
in the period t − 1 information set, because the empirical evidence suggests that there is little
predictable variation in portfolio returns in the time series dimension. Hence, I should find that

r̄i ≈ r̄ew +

K∑
j=1

γ̄i jr̄h j , (19)

where the quality of the approximation is an empirical question.
Equation (19) represents the general form of the proposed class of empirical asset pricing

models. It mirrors the decompositions of average returns implied by the Fama and French (1993)
three-factor and Fama and French (2014) five-factor models in the sense that it expresses r̄i as a
linear combination of the average returns on the market portfolio and a set of characteristic-based
hedge portfolios. However, the two types of decompositions clearly have different implications
about how average stock returns are determined. The “factor loadings” in equation (19) are sim-
ply the average values of the γi j,t coefficients, which are functions of the observed characteristic
values for the firm. In contrast, the factor loadings for the three- and five-factor models are mul-
tiple regression coefficients. To estimate them, one conducts a time series regression of excess
stock returns on the contemporaneous realizations of the excess returns on the VWM and hedge
portfolios.

The key empirical prediction of equation (19) is that the cross-sectional variation in average
stock returns is explained by differences in the average values of the γi j,t coefficients across firms.
This prediction, which is a consequence of the underlying structure of the cross-sectional regres-
sions, is what sets the proposed class of empirical asset pricing models apart from existing models.
Under the Fama and French (1993) approach, cross-sectional regressions play only a tangential
role in the analysis. They are used solely to motivate a separate and distinct time-series specifica-
tion that links expected excess stock returns to the expected excess returns on the VWM, SML, and
HML portfolios. In effect, Fama and French (1993) treat the returns on these portfolios as factors
in the sense of the arbitrage pricing theory (APT) of Ross (1976).

Although the APT plays no formal role in my analysis (or in that of Fama and French (1993)),
it is useful to note that the distinction between linear factor models and cross-sectional regres-
sion specifications is not as clear cut as it initially might seem. Suppose, for example, that the
relation between stock returns and firm characteristics is described by a cross-sectional regression
specification of the form

ri,t = αt +

K∑
j=1

xi j,tβ j,t + εi,t, i = 1, 2, . . . ,N, (20)

where αt is a stochastic intercept and β j,t is a stochastic slope for the jth characteristic. Because the
stochastic coefficients give rise to K + 1 sources of common variation in returns, this specification
imposes the same type of underlying structure as a linear factor model. Indeed, equation (20) is
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observationally equivalent to a linear factor model in which the loading for the first factor is always
one and the loadings for the remaining K factors are given by the vector of firm characteristics.8

Now consider the asset pricing implications of treating equation (20) as a linear factor model
with time-varying factor loadings. Because the factor loadings are observable, one could extract
estimates of the unobserved factor realizations for period t (i.e., the realizations of αt, β1,t, . . . , βK,t)
by fitting a cross-sectional regression of the returns for period t on the firm characteristics for period
t. This alternative perspective on cross-sectional regressions illustrates the sense in which the OLS
estimates of the regression coefficients can be viewed as mimicking positions for common factors
in stock returns. Moreover, it suggests that my empirical asset pricing model could be derived from
a suitably-specified conditional version of the APT in which firm characteristics act as time-varying
factor loadings. I provide some preliminary evidence on the relation between firm characteristics
and conventional estimates of the factor loadings as part of the empirical analysis.

2.4. Constructing sets of portfolios with characteristics-dependent weights
The regression-based approach for constructing hedge portfolios uses residuals to determine

the portfolio weights. Thus the weights fully account for the estimated cross-sectional correlations
between the characteristics. By extending the basic idea of using residuals to group firms into
portfolios, I develop a simple alternative to the procedure used by Fama and French (1993) to
construct the set of 25 portfolios that they employ in their tests of the three-factor model. One of
the major advantages of the proposed approach is that it is straightforward to implement regardless
of the number of characteristics under consideration. In contrast, the Fama and French (1993)
procedure relies on finding intersections of multiple groups of firms that result from sorting firms
separately on each individual characteristic. This quickly becomes intractable as the number of
characteristics increases.

To evaluate the accuracy of the cost-of-equity estimates produced by a K-factor model, I use
K different sets of decile portfolios. These portfolios are constructed as follows. Recall that ui j,t

denotes the residual for the ith firm that results from a cross-sectional regression of the jth char-
acteristic on the remaining K − 1 characteristics. First, I sort the firms in ascending order of ui j,t

for each value of j ∈ (1, . . . ,K). Next, I split the sorted firms for each j into two groups: those
with ui j,t ≥ 0 and those with ui j,t < 0. Finally, I divide the firms in each group into five sub-
groups using the quintile breakpoints for the group (i.e., bottom 20% of the firms, next 20% of the
firms, etc.). The ten subgroups for each j are used to form a set of ten equally-weighted portfo-
lios. Because these portfolios are formed based on the cross-sectional distribution of the residuals,
the observed pattern of the average portfolio returns for the jth characteristic should reflect the
marginal cross-sectional explanatory power of this characteristic for average stock returns. Note
that use equally-weighted portfolios for simplicity. The approach can easily be modified to obtain
value-weighted portfolios. It can also be generalized to obtain any desired number of portfolios in
an obvious fashion.

8Interestingly, using firm characteristics to proxy for exposures to common risk factors has a long history in
the financial services industry. The approach, which was pioneered by Barra, Inc., builds on the foundation laid
by Rosenberg (1974), who develops a generalized linear factor model of asset returns in which the cross-sectional
variation in each factor loading is partially explained by a set of firm characteristics. Although Rosenberg (1974) does
not use the APT framework to study the implications of the generalized model, he does show that it has a representation
in which the firm characteristics serve as observable factor loadings.
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3. Data and Variable Definitions

The data for analysis are drawn from three sources that are widely used in empirical asset
pricing research. Monthly firm-level stock returns are obtained from the Center for Research in
Security Prices (CRSP) monthly stock file (CRSP item RET). The sample begins in July 1963 and
ends in December 2013 (606 months). It is restricted to ordinary common equity (CRSP share
code 10 or 11) for NYSE, AMEX, and NASDAQ firms. In addition, firms with less than two years
of data in the Compustat annual industrials file are excluded from the sample to mitigate the impact
of survivorship bias that arises from the way in which firms are added to the file.9

Annual firm-level accounting variables are obtained from the Compustat annual industrials
file. I construct the dataset used to fit the cross-sectional regressions by matching the monthly
stock returns for July of year t to June of year t +1 with accounting information for fiscal years that
end in calendar year t−1. This timing convention, which follows Fama and French (1992), ensures
that the accounting items used to construct the regressors are lagged by a minimum of six months,
and hence known to investors by the start of the holding period over which the stock returns are
measured. Because the values of the characteristics are updated annually at the end of June of each
year, they do not change for a given firm between the July of a given year and June of the next
year.

Five characteristics are used as explanatory variables in the cross-sectional regressions. The
first two follow Fama and French (1992), i.e., the logarithm of ME and the logarithm of the B/M
ratio. The third is the GP/TA ratio considered by Novy-Marx (2013), who shows that the explana-
tory power of this variable rivals that of the B/M ratio. The final two are TAG and the CH/TA ratio.
The former is included because capital investment is inversely related to subsequent stock returns
(see, e.g., Titman et al., 2004; Cordis and Kirby, 2015), and TAG provides a comprehensive pic-
ture of a firm’s investment and disinvestment activities (Cooper et al., 2008). The latter is included
based on the emerging evidence that a firm’s cash holdings are directly related to its subsequent
stock returns (see, e.g., Huang and Wang, 2009). I follow Novy-Marx (2013) by trimming the ex-
planatory variables at the 1% and 99% levels. In other words, I exclude a firm from the regression
for a given month if any of its characteristics takes on a value that is below the 1st percentile or
above the 99th percentile of the characteristic’s cross-sectional distribution for the month. This is
designed to mitigate the impact of outliers on the regression estimates.

My variable definitions mirror those used in prior research. The numerator of the B/M ratio is
shareholders equity (Compustat item SEQ), plus balance-sheet deferred taxes and investment tax
credit (Compustat item TXDITC), if available, minus the book value of preferred stock, which is ei-
ther its redemption value (Compustat item PSTKRV), liquidation value (Compustat item PSTKL),
or par value (Compustat item PSTK), in this order of preference.10 The ME variable is price
(CRSP item PRC) times number of shares outstanding (CRSP item SHROUT).11 The GP/TA ratio

9See Banz and Breen (1986) for more on this point.
10This definition of BE follows Fama and French (1992). If shareholders equity is missing, I use common eq-

uity plus preferred stock (Compustat item CEQ plus item PSTK), if available, or total assets minus total liabilities
(Compustat item AT minus item LT), if available, in this order of preference.

11The ME, which is measured in millions of dollars, is computed at the end of June of year t for the July of year t
to June of year t + 1 regressions. Fama and French (1992) use the ME for December of year t − 1 to construct the B/M
ratio. However, using the ME for June of year t increases the explanatory power of the regression model (see Asness
and Frazzini, 2013).
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is the difference between total revenue and cost of goods sold (Compustat item REVT minus item
COGS) divided by total assets (Compustat item AT). The TAG variable is the year-to-year growth
rate of total assets (the annual change in Compustat item AT divided by its initial level). Finally,
the CH/TA ratio is cash equivalents (Compustat item CHE) divided by total assets.

The remainder of the data employed for the analysis are from the web-based data library main-
tained by Ken French.12 I use the monthly data contained in the “Fama/French 3 factors” dataset to
fit the Fama and French (1993) there-factor model. This file also contains the monthly riskfree rate
data used to compute monthly excess portfolio returns. Similarly, I use the monthly data contained
in the “Fama/French 5 Factors (2x3)” dataset to fit the Fama and French (2014) five-factor model.
It adds two new factors to those of the three-factor model: the return on a hedge portfolio that
shorts the stocks of firms with weak operating profitability and invests in the stocks of firms with
robust operating profitability (the RMW portfolio), and the return on a hedge portfolio that shorts
the stocks of firms with high (aggressive) investment levels and invests in the stocks of firms with
low (conservative) investment levels (the CMA portfolio).

Table I reports the mean, volatility, skewness, and selected percentiles for the trimmed versions
of the explanatory variables. The sample used to construct this table contains all of the firm-month
observations that are used to fit the cross-sectional regression specifications. The properties of
the characteristics look reasonable, and the sample moments generally match up well with those
reported in prior studies that use similar data. For example, the log B/M ratio has a mean of −0.56
and volatility of 0.89, while the log ME ratio has a mean of 4.60 and volatility 2.05. Using data for
the same sample period, Ball et al. (2014) report values of −0.54 and 0.93 for the former variable,
and 4.55 and 1.97 for the latter. The small discrepancies between the two sets of statistics most
likely arise from minor differences in the screening criteria used to construct the datasets.

4. Preliminary Empirical Analysis

I begin the empirical analysis by regressing the firm-level stock returns on various combinations
of the firm characteristics for every month from July 1963 to December 2013 (606 cross-sectional
regressions). Table II summarizes the regression results. It reports the average value of the esti-
mated slope coefficient for each characteristic, and the average value of the regression R-squared.
Fama and MacBeth (1973) t-statistics are shown below the average estimated slopes in parenthe-
ses. The results in columns one to four are for the full set of NYSE, AMEX, and NASDAQ firms.
The results in columns five to eight show the impact of excluding financial firms (SIC codes 6000
to 6999) from the analysis.

As anticipated, I find support for the hypothesis that the characteristics help to explain the
cross-section of average stock returns. First consider the estimates in column one, which are for
a specification that includes only the log B/M and log ME variables as regressors. The average
estimated slopes for these variables are 0.29 and −0.11, with t-statistics of 4.30 and −2.41. Thus
both are statistically significant at the 1% significance level. Excluding the data for financial firms
has little impact on the results. The average estimated slopes in column five are 0.31 and −0.12,
with t-statistics of 4.73 and −2.60. These estimates are consistent with those reported in prior
studies that employ similar methods and data. For instance, Fama and French (1992) report that

12See http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html.
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their cross-sectional regressions of monthly stock returns on the log B/M ratio and log ME produce
average estimated slopes of 0.35 and −0.11 for the July 1963 to December 1990 sample period.

The estimates in column two are for a specification that includes the GP/TA ratio as an addi-
tional regressor. The addition of the GP/TA ratio causes the average estimated slopes for the log
B/M ratio and log ME to change to 0.35 and −0.09. However, both remain statistically signifi-
cant, with t-statistics of 5.14 and −2.08. The average estimated slope for the GP/TA ratio is 0.75,
with a t-statistic of 6.47. Thus the evidence indicates that the GP/TA ratio has strong incremental
explanatory power for the cross-section of average returns, which is consistent with Novy-Marx
(2013). Excluding the data for financial firms again has only a minor impact on the results. For
instance, the average estimated slope for the GP/TA ratio falls to 0.73, and its t-statistic drops to
5.28.

The estimates in columns three and four show the incremental effect of including TAG and the
CH/TA ratio as additional regressors. In each case, the new characteristic enters the regressions
with an average estimated slope that is highly statistically significant, and the average estimated
slopes for the other characteristics show little change. Only one characteristic displays a mean-
ingful drop in statistical significance as the new regressors are added: the log ME. Using all five
characteristics as regressors, for example, produces an average estimate slope for the log ME of
−0.07 with a t-statistic of −1.68. If one excludes financial firms, then the average estimated slope
increases in magnitude to −0.08 with a t-statistic of −1.91. Hence, the hypothesis that the true
slope is zero can be rejected at the 10% significance level, but not at the 5% significance level.

In light of the results reported in Table II, it is clear that the firm characteristics provide useful
information about the investment opportunity set. The evidence points to a robust cross-sectional
relation between the characteristic values for a given time period and the average values of sub-
sequent stock returns, regardless of whether the regressions include or exclude financial firms.
Encouraged by this finding, I now turn to an analysis of the properties of the returns on the
regression-based hedge portfolios. In particular, I consider the hedge portfolios associated with
the specification that includes all five characteristics as explanatory variables, and document the
properties of the returns for the characteristic-based decile portfolios produced by the residual-
based construction technique outlined in Section 2.4. Because excluding financial firms from the
regressions has little impact on the estimates, I include these firms in the dataset for all of the
analysis that follows.

4.1. Regression-based hedge portfolios and Fama-French factors
Table III presents descriptive statistics for each of the portfolios that appear in either my empir-

ical asset pricing model or the Fama and French (2014) five-factor model. Specifically, it reports
statistics for the monthly returns on the five regression-based hedge portfolios, for the monthly
returns on the HML, SMB, RMW, and CMA portfolios, and for the monthly excess returns on
both the equally-weighted market (EWM) and VWM portfolios. Panel A reports the sample mean
(Mean), sample volatility (Vol), sample skewness (Skew), sample excess kurtosis (Kurt), and se-
lected sample percentiles for the returns and excess returns. Panel B reports the sample correlation
matrix for the returns and excess returns.

The mean returns on the regression-based hedge portfolios range from −0.84% per month for
the TAG characteristic to 0.60% for the log B/M characteristic, while the volatilities range from
1.90% per month for the GP/TA characteristic to 4.23% per month for the log ME characteristic.
To lend some context to these figures, the excess return on the EWM portfolio has a mean and
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volatility of 0.88% and 5.88% per month. Two of the portfolios have substantially higher skewness
and excess kurtosis values than the other three. Specifically, the hedge portfolio for the TAG
characteristic has a skewness of 1.42 and excess kurtosis of 23.72, and the hedge portfolio for the
CH/TA characteristic has a skewness of 2.85 and excess kurtosis of 23.9. The large excess kurtosis
values appear to stem from the tendency of these portfolios to occasionally generate large positive
returns, as suggested by their positive skewness, combined with their relatively low volatilities
(2.62% and 2.9% per month).

The mean returns on most of the Fama and French (2014) hedge portfolios are smaller in mag-
nitude than those of their regression-based counterparts. For example, the HML portfolio has a
mean return of 0.38% per month. This finding suggests that the portfolios are less effective at
capturing the cross-sectional variation in average stock returns than their regression-based coun-
terparts. The SMB portfolio is the only exception in this regard. It has a mean return of 0.29% per
month, versus −0.28 per month for the regression-based hedge portfolio for the log ME character-
istic. I also find that the RMW portfolio has a relatively high value of excess kurtosis, which is not
the case for the regression-based hedge portfolio for the GP/TA characteristic. The reason for the
difference is not immediately apparent.

The sample correlations in panel B of Table III paint a clearer picture of the relation between
returns on the various hedge portfolios. In general, the correlations between the returns on the
regression-based hedge portfolios tend to be relatively low. The largest is only 31%. Moreover, the
returns on these portfolios have relatively low correlations with the excess return on the EWM port-
folio. The correlations between the returns on the Fama and French (2014) hedge portfolios tend
to be somewhat larger in magnitude. For instance, the correlation is 70% for the HML and CMA
portfolios, and −36% for the SMB and RMW portfolios. This again suggests that the regression-
based hedge portfolios do a better job of isolating the components of stock returns associated with
specific characteristics.

Not surprisingly, the magnitude of the correlations between the returns on the Fama and French
(2014) and regression-based hedge portfolios tends to be highest for the pairs of portfolios that
are constructed using the same or similar characteristics. For example, the HML portfolio has a
correlation of 69% with the regression-based hedge portfolio for the log B/M characteristic, and
the SMB portfolio has a correlation of −57% with the regression-based hedge portfolio for the log
ME characteristic. The one deviation from this pattern is that the correlation between the returns
on the RMW portfolio and the regression-based hedge portfolio for the GP/TA characteristic is
only 11%. This low correlation appears to stem from the use of different definitions of profitability
— operating versus gross — along with different deflators for profitability.13 The definition of firm
profitability and choice of delfator can have a substantial impact on the time-series properties of
profitability measures (see, e.g., Ball et al., 2014).

4.2. Characteristic-based decile portfolios
Table IV reports descriptive statistics for the five different sets of characteristic-based decile

portfolios used to evaluate the accuracy of the cost-of-equity estimates. Columns one to four of
each panel report the sample mean, sample volatility, sample skewness, and sample excess kurtosis
of the portfolio returns. Columns 5 to 9 of each panel report the average values of the portfolio

13Fama and French (2014) use book equity rather than total assets to deflate profitability.
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characteristics. Because the portfolios are equally weighted, one can interpret the monthly char-
acteristic values for a given portfolio as those of the average firm in the portfolio for the month in
question, and think of the average characteristic values reported in columns five to nine as those of
the average firm in the portfolio for my sample period.

Panel A is for the set of portfolios that are designed to capture the cross-sectional variation in
average stock returns associated with differences in the log B/M ratio across firms. Two aspects of
the descriptive statistics for these portfolios are particularly noteworthy. First, the average portfolio
return rises monotonically with the portfolio number. The range is from 0.82% per month for decile
one to 1.64% per month for decile ten. This demonstrates that the residual-based construction
technique is quite effective from the standpoint of producing cross-sectional variation in average
portfolio returns. In comparison, the volatility of the returns displays a lot less variation across the
portfolios. The range is from 5.48% per month for decile six to 7.43% per month for decile one.

Second, the average value of the log B/M ratio increases monotonically with the portfolio
number, but the average values of the other characteristics show little change. Specifically, log
B/M ratio ranges from −1.94 for decile one to 0.48 for decile ten, while the range of average
values for the other characteristics is 4.2 to 4.7 for the log ME, 0.33 to 0.37 for the GP/TA ratio,
0.17 to 0.27 for TAG, and 0.12 to 0.16 for the CH/TA ratio. One can therefore attribute the cross-
sectional variation in the average returns for this set of portfolios almost exclusively to the effect
of variation in the log B/M ratio. In other words, it appears that the residual-based construction
technique is quite effective from the standpoint of isolating the relation between the B/M ratio and
average stock returns.

The decile portfolios for the log ME, GP/TA, TAG, and CH/TA characteristics display similar
properties, generating average returns that range from 1.1% per month (decile ten) to 1.62% per
month (decile one), 0.98% per month (decile one) to 1.58% per month (decile nine), 0.49% per
month (decile ten) to 1.52% per month (decile one), and 0.82% per month (decile one) to 1.48%
per month (decile ten). In each case, the cross-sectional variation in average returns is mirrored by
substantial variation in the average values of the characteristic of interest, while the average values
of the remaining characteristics fluctuate within a much narrower range. These findings confirm
that the residual-based technique for grouping stocks into portfolios works as intended. That is, it
isolates the relation between each characteristic and average stock returns by explicitly controlling
for the estimated cross-sectional correlations among the different characteristics.

Overall, the results suggest that my approach for constructing sets of characteristic-based port-
folios is an attractive alternative to the methodology pioneered by Fama and French (1993). Unlike
their methodology, which requires finding the intersections of multiple groups of firms obtained by
sorting on each individual characteristic, the residual-based technique remains tractable regardless
of the number of characteristics under consideration. It can also be extended to capture nonlinear-
ities in the relation between firm characteristics and average returns in a straightforward fashion.
For example, I could allow for a quadratic relation between a given characteristic and average re-
turns simply be including the square of the characteristic as an additional regressor. This extension
could potentially produce new insights given that fitting nonparametric regressions to the cross-
section of stock returns produces clear evidence of nonlinearities for a number of characteristics
(Kirby, 2015).
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5. Estimating the Cost of Equity

Under the proposed class of empirical asset pricing models, one estimates the cost of equity
using an approximation to the exact decomposition of average stock returns that results from fit-
ting a cross-sectional regression specification for a range of time periods. Before considering the
out-of-sample performance of these estimates, it is useful to get a sense of the accuracy of this
approximation. Table V presents the relevant information for the specification that uses all five
characteristics as regressors. Panel A reports the cost-of-equity estimates produced by my model
for the five sets of equally-weighted decile portfolios described in Table IV, and shows the sum
of covariance terms that appears in the exact decomposition of average returns, but is neglected
in computing the cost-of-equity estimates. These neglected covariance terms are one source of
approximation error. Similarly, panel B reports the average value of the regression residual that
appears in the exact decomposition, but is neglected in computing the cost-of-equity estimates.
Because this quantity should converge to zero if the cross-sectional regression is well specified, I
also report the t-statistic of the average residual for each portfolio.

It is immediately apparent that the cost-of-equity estimates in panel A line up very well with
the average portfolio returns reported in Table IV. The estimates for the decile one portfolios, for
example, are 0.84% per month for the log B/M, 1.42% per month for the log ME, 1.04% per month
for the GP/TA ratio, 1.49% per month for TAG, and 0.95% per month for the CH/TA ratio. The
corresponding average returns are 0.82%, 1.62%, 0.98%, 1.52%, and 0.85% per month. Almost
all of the deviations between the average portfolio return and the estimated cost of equity are less
than 0.1 percentage points per month in magnitude. The largest deviation, which is for decile one
of the log ME portfolios, is only 0.2 percentage points per month.

My empirical asset pricing model delivers accurate estimates of the average portfolio returns
because the neglected terms in the decomposition are generally small. First, panel A shows that
the sum of covariance terms, which reflects the extent to which the returns on the hedge portfolios
display time-series predictability, is usually on the order of a couple of basis points per month,
and its maximum value is only 6 basis points per month. Thus the sacrifice in accuracy from
ignoring the covariances is essentially negligible. Second, panel B shows that the average value of
the regression residual is close to zero for most of the portfolios. The largest average residual is
0.19 percentage points per month for decile one of the log ME portfolios. This finding suggests
that the cross-sectional regressions do a reasonably good job of capturing the relation between
the characteristics and average stock returns. If these regressions were badly misspecified, then
I would expect to find clear cross-sectional patterns in the average residuals. The lack of such
patterns is therefore reassuring.

Although the evidence in Table V speaks to the accuracy of the approximation, it does not nec-
essarily provide a good guide to how my model is likely to perform in typical applications. In many
cases, for example, researchers are primarily interested in constructing cost-of-equity estimates for
future time periods, i.e., out-of-sample forecasts of average returns. To illustrate the out-of-sample
performance of the model, I use recursively-updated estimates of the cost of equity. The procedure
is as follows. First, I use the initial 60 months of data in the sample period to compute in-sample
cost-of-equity estimates for each set of decile portfolios (as in Table V). These estimates are used
as predicted cost-of-equity values for the 61st month in the sample. After recording the difference
between the predicted cost of equity for each portfolio and the realized portfolio return (the out-
of-sample prediction error), I update the cost-of-equity estimates by adding the data for the 61st
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month to the initial 60 months of data. These estimates are used as predicted cost-of-equity values
for the 62nd month. The process continues in this fashion until the end of the sample is reached.

To benchmark the accuracy of the out-of-sample estimates, I use the recently-developed five-
factor model of Fama and French (2014). The cost-of-equity estimates for this model are obtained
using an analogous forecasting procedure. Specifically, I regress the excess portfolio returns on the
contemporaneous realizations of the five factors using the initial 60 months of data in the sample
period, multiply the estimated slope coefficients by the estimated factor risk premiums to obtain
in-sample cost-of-equity estimates, and use these estimates as predicted cost-of-equity values for
the 61st month in the sample. Then I update the cost-of-equity estimates by adding the data for the
61st month to the initial 60 months of data, and so forth.

Table VI summarizes the results of the out-of-sample analysis. Panel A reports the average one-
month-ahead forecast errors and associated t-statistics produced by my model. Panel B reports the
same information for the five-factor model. The last two entries in columns one through five of each
panel contain the MAPE and RMSPE for each set of portfolios. An important point to note is that
the average one-month-ahead forecast errors reported in Table VI need to be substantially larger in
magnitude than the average residuals reported in Table V in order to rise to the level of statistical
significance. This is because the residuals for the cross-sectional regressions are computed by
conditioning on the contemporaneous realization of the EWM return, while the one-month-ahead
forecast errors are not. Hence, the standard errors in Table V are substantially smaller than those
in Table VI.

As expected, the recursively-updated cost-of-equity estimates are less accurate than the in-
sample estimates analyzed in Table V. Only one of the in-sample estimates produces an error of
0.2 percentage points or more per month, while 13 of the recursively-updated estimates produce
errors of this magnitude. However, none of the average forecast errors in panel A are statistically
significant at standard significance levels. The largest t-statistic is only 1.13, reflecting the uncer-
tainty inherent in out-of-sample estimates of expected stock returns (Merton, 1980). Overall the
general pattern of the average forecast reveals that the recursively-updated estimates are downward
biased to some degree.

The results for the five-factor model in panel B put these findings in perspective. There are
a few instances in which the average forecast error produced by the five-factor model is smaller
in magnitude than that produced by my model. In general, however, the opposite is true. Most
of the average forecast errors in panel B exceed 0.2 percentage points per month in magnitude,
and a number of them exceed 0.4 percentage points per month in magnitude. As a consequence,
the values of the MAPE and RMSPE for the five-factor model are roughly twice as large as those
for my model. In addition, two of the average forecast errors for the five-factor model are large
enough to be statistically significant at the 5% significance level. Thus I conclude that my model
outperforms the five-factor model for this dataset.

It is especially encouraging that the model produces more accurate cost-of-equity estimates
than the five-factor model for every set of decile portfolios. One might anticipate that the model
would have an advantage for the CH/TA portfolios, because the CH/TA characteristic plays no
role in the development of the five-factor model. However, it outperforms the five-factor model by
similar margins for the log B/M, log ME, and TAG portfolios. This seems like a telling result given
that the five-factor model is specifically designed to capture the cross-sectional variation in average
stock returns associated with these three characteristics. That is, the underlying characteristics
used to construct the HML, SMB, and CMA factors are the same characteristics used to construct
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the log B/M, log ME, and TAG portfolios. Even if one is inclined to believe that my research
design somehow overstates the performance advantage of the model, the inherent flexibility of the
methodology should prove attractive in many applications.

Indeed, my ultimate objective is not to propose a specific alternative to the three-factor or five-
factor model. Rather, it is to highlight an approach for constructing empirical asset pricing models
that researchers can easily tailor to meet their individual needs with respect to constructing cost-
of-capital estimates that control for the relation between firm characteristics and average stock
returns. Because my approach builds directly on standard cross-sectional regression techniques,
it gives researchers the flexibility to choose the characteristics used to construct cost-of-equity
estimates, and makes it easy for them to assess whether their research findings are sensitive to the
addition or deletion of characteristics that hold particular interest. This flexibility stands in sharp
contrast to the limited range of options available for models with a prescribed set of three or five
factors. Once one acknowledges the fact that empirical asset pricing models lack a clear theoretical
foundation, then the justification for using them has to be grounded in empirical evidence of their
ability to capture observed patterns in average returns. In my view, therefore, any approach that
shows promise in this regard is worthy of serious consideration.

5.1. Additional discussion and analysis
Further insights can be developed by digging a bit deeper into the empirical results. One natural

question is whether the findings are sensitive to the number of characteristic-based portfolios (Np)
used to evaluate the performance of the models. Table VII provides the answer by showing how the
MAPE and RMSPE values change as I change the value of Np. Panel A is for my model, and panel
B is for the five-factor model. I construct the portfolios for a given value of Np using the same basic
steps described in Section 2.4. That is, I fit a cross-sectional regression of each characteristic on a
constant and the four remaining characteristics, sort the firms in ascending order of the regression
residuals, split the sorted firms into a group with positive residuals and a group with negative
residuals, and divide the firms for each group into Np/2 subgroups using the appropriate quantile
breakpoints for the group (e.g., decile breakpoints for Np = 20).

Increasing the value of Np should produce a larger cross-sectional dispersion in the average
portfolio returns, thereby posing a more stringent challenge to the pricing model. Not surprisingly,
therefore, I find that the MAPE and RMSPE values produced by my model rise as Np increases.
But the rate of increase is quite slow. Changing Np from 10 to 20 has very little effect. None of the
MAPE values changes (to two decimal places), and the increases in RMSPE values are limited to
0.01 for the log ME, GP/TA, and TAG portfolios. Even the impact of changing Np from 10 to 200
is relatively modest. The largest increases in the MAPE and RMSPE are 0.03 and 0.08. Similar
results are observed for the five-factor model. Although I find that the MAPE and RMSPE values
rise as Np increases, the rate of increase is again quite slow. The largest jumps in the MAPE and
RMSPE values when I change Np from 10 to 200 are 0.03 and 0.05.

These results show that my conclusions concerning the relative performance of the models
are not sensitive to the choice of Np. Of course the MAPE and RMSPE values are only one
way of looking at the performance of the cost-of-equity estimates. Other measures can be used
to develop a more detailed picture of the performance differences across models. Figure 1, for
example, illustrates how the models differ with respect to cross-sectional explanatory power for
the average portfolio returns. Specifically, it presents two scatterplots for each of the five sets of
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100 characteristic-based portfolios examined in Table VII. The first shows the average one-month-
ahead forecast of the average portfolio return produced by my model versus the average realized
portfolio return. The second does the same for the five-factor model. Each scatterplot also shows
the equation of the line produced by fitting a simple linear regression model to the plotted data
along with the regression R-squared.

The slope coefficient in each plot provides information about forecast efficiency. If the forecast
error is uncorrelated with the forecast, then the slope coefficient is equal to one. Thus the extent to
which the slope deviates from one is a measure of the inefficiency of the forecasts. The intercept
in each plot provides information about bias. Unbiased and efficient forecasts have an intercept
of zero. Because empirical asset pricing models are approximate rather than exact, one would not
generally expect them to deliver efficient and unbiased forecasts. I therefore use the regression
R-squared as the primary criterion for judging the relative performance of the forecasts produced
by competing models. Large values of the R-squared, together with a positive slope coefficient,
indicate that the model successfully captures a large fraction of the cross-sectional variation in
average portfolio returns.

The uppermost pair of plots in Figure 1 are for the 100 portfolios formed using the percentile
breakpoints for the log B/M residuals. Both plots are indicative of a strong positive relation be-
tween the forecasts and average returns. But the forecasts produced by my model explain 80% of
the variation in average returns across the portfolios, versus 65% for the forecasts produced by the
five-factor model. This finding is consistent with the evidence in the Tables VI and VII. It suggests
that my model does a better job of capturing the relation between the log B/M ratio and average
stock returns than the five-factor model.

The next pair of plots are for the 100 portfolios formed using the percentile breakpoints for the
log ME residuals. In this case, my model explains only 29% of the variation in average returns
across the portfolios. Thus the cross-sectional relation between the log ME characteristic and
average stock returns appears to pose a substantial challenge to the model. But this is also true for
the five-factor model. It explains only 22% of the variation in average returns across the portfolios.
Once again, therefore, the analysis suggests that my model does a better job than the five-factor
model, even though the five-factor model is specifically designed to capture the relation between
the log ME ratio and average stock returns.

The remaining plots in Figure 1 bolster this conclusion. My model explains 59% of the vari-
ation in average returns for the GP/TA portfolios versus only 13% for the five-factor model. The
disparities in explanatory power for the TAG and CH/TA portfolios are even larger: 81% with
my model versus 21% with the five-factor model, and 73% with my model versus 1% with the
five-factor model. These findings bring the differences between the two models into sharper focus,
and help to clarify why the cost-of-equity estimates produced by my model outperform those pro-
duced by the five-factor model. Apparently, the five-factor model captures only a small fraction
of the cross-sectional variation in average returns associated with the GP/TA, TAG and CH/TA
characteristics.

As noted earlier, I do not view my model as a specific alternative to the five-factor model. The
head-to-head performance comparisons are simply a convenient way to highlight the effectiveness
my general approach for constructing empirical asset pricing models. One feature of the approach
that I have yet to mention is that it can easily be adapted to produce standard linear pricing speci-
fications like the five-factor model. All one needs to do is specify the excess return on the EWM
portfolio along with the returns on the regression-based hedge portfolios as the factors. Such a
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strategy would essentially serve to “automate” the Fama and French (1993, 2014) approach for
constructing such models, making it possible to easily build a model based on any desired set of
characteristics.

Note that the empirical performance of a model constructed in this manner would differ from
that of a model constructed using my approach only to the extent that it produces different estimated
risk exposures, i.e., different factor loadings for the EWM portfolio and regression-based hedge
portfolios. Figure 2 uses scatterplots to illustrate the nature of these differences for the five sets
of 100 characteristic-based portfolios examined in Table VII. The horizontal axis of each plot
shows the estimated loadings for the regression-based hedge portfolios. I estimate the loadings by
regressing the excess portfolio returns on the excess EWM return and set of five hedge-portfolio
returns. The vertical axis shows the average values of γi j,t. Each plot also shows the equation of
the line produced by fitting a simple linear regression model to the plotted data along with the
regression R-squared.

Interestingly, the plots reveal that the differences in estimated risk exposures produced by the
two models are not as large as might be anticipated. In the case of the log B/M portfolios, for
example, fitting the time-series regressions delivers estimated factor loadings that explain 84% of
the cross-sectional variation in the average values of γi j,t. Moreover, the equation of the estimated
regression line in the plot indicates that the estimated factor loadings are close to being unbiased
predictors of the average values of γi j,t. These findings are consistent with the view that the log
B/M ratio captures differences in systematic risk across portfolios.

But the plots also reveal that the estimated factor loadings tend to diverge from the average
values of γi j,t in the upper tail of the cross-sectional distribution of this measure. For the log ME
portfolios, the divergence begins to occur once the average value of γi j,t rises above about 0.5.
Moving beyond this point, the estimated factor loadings increase more slowly than the average
values of γi j,t, i.e., the plot becomes convex. Consequently, firms at the upper end of the ME
distribution have lower predicted average returns under my model than under the five-factor model,
all else being equal.

The plot for the GP/TA portfolios looks similar to that for the log ME portfolios. Once the
average value of γi j,t rises above about 0.5, the estimated factor loadings increase more slowly than
the average values of γi j,t. There is also some suggestion of this feature for the TAG portfolios. For
the CH/TA portfolios, on the other hand, the relation between the estimated factor loadings and
average values of γi j,t shows little evidence of nonlinearity. But it does seem to weaken substan-
tially in the upper tail of the distribution, where the average values of γi j,t display a good deal of
variation that is not explained by differences in the estimated factor loadings across portfolios.

Notwithstanding this evidence, the analysis clearly points to the presence of strong linkages
between the estimated factor loadings and the average values of γi j,t. This probably goes a long
way towards explaining the empirical success of the Fama and French (1993) three-factor model.
Specifically, it suggests the three-factor model does a reasonable job of capturing the cross-sectional
patterns in average stock returns uncovered by Fama and French (1992) because the variation in
the estimated loadings on the SMB and HML returns mirrors the variation in the average values of
the ME and B/M characteristics. Perhaps further study of the linkages illustrated in Figure 1 will
yield new insights about the relation between firm characteristics and systematic risk.
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6. Concluding Remarks

The set of firm characteristics with documented explanatory power for the cross-section of
average stock returns has expanded at a rapid pace over the past decade. I propose a straightforward
approach for using any desired subset of these characteristics to construct an empirical asset pricing
model. Because my approach builds directly on standard cross-sectional regression methods, it
is both transparent and highly flexible. Moreover, a representative model that controls for the
estimated cross-sectional relation between five characteristics and average stock returns produces
more accurate cost-of-equity estimates than the recently-developed Fama and French (2014) five-
factor model. In view of these considerations, my methodology for constructing empirical asset
pricing models should prove attractive in a range of different applications.

I also propose a new strategy for constructing portfolios with characteristic-dependent weights
that remains tractable regardless of the number of characteristics under consideration. Because the
strategy appears to be quite effective at isolating the information provided by each characteristic
about the cross-section of average stock returns, it should represent an appealing alternative to the
unwieldy sorting methodology pioneered by Fama and French (1993). Indeed, I believe that it will
prove to be a useful tool for researchers working on a variety of asset pricing issues. One could,
for example, investigate the extent to which consumption-based asset pricing models capture the
cross-sectional patterns in the average returns for sets of portfolios constructed using various firm
characteristics. This might produce new insights about sources of specification errors.

There a number of interesting ways that future research could build on my analysis. One
possibility would be to delve more deeply into the relation between the proposed class of empirical
asset pricing models and the linear factor specifications obtained by treating the returns on the
regression-based hedge portfolios as factors in the APT framework. The preliminary evidence
suggests that the cross-sectional variation in estimated factor loadings mirrors the cross-sectional
variation in the average values of the firm characteristics over the sample period. This finding
highlights the potential merits of using firm characteristics as observable measures of systematic
risk.

Another possibility would be to exploit the relation between cross-sectional regression esti-
mators and hedge portfolios in other areas. For example, Hou et al. (2014) propose an approach
for estimating the implied cost of capital that uses the forecasts obtained by fitting cross-sectional
regressions of annual firm-level earnings on lagged measures of total assets, dividend payments,
and accruals. My analysis implies that these regressions decompose the earnings of each firm into
three components. The first is the earnings for an equally-weighted portfolio of the stocks, the
second is a linear combination of the earnings for a set of characteristic-based hedge portfolios,
and the third is a firm-specific residual. Analyzing the contributions of these components to the
earnings forecasts for different forecast horizons might produce some interesting findings.
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table i
descriptive statistics for the firm characteristics

Percentiles

Mean Vol Skew 1st 10th 25th 50th 75th 90th 99th

log B/M −0.56 0.90 −0.57 −3.08 −1.75 −1.08 −0.47 0.06 0.49 1.22
log ME 4.60 2.05 0.28 0.59 2.01 3.07 4.45 6.02 7.37 9.58
GP/TA 0.33 0.27 0.54 −0.25 0.04 0.13 0.30 0.49 0.69 1.08
TAG 0.23 0.75 11.52 −0.39 −0.11 −0.00 0.09 0.23 0.57 3.15
CH/TA 0.15 0.18 1.98 0.00 0.01 0.03 0.07 0.19 0.41 0.82

The table reports the sample mean (Mean), sample volatility (Vol), sample skewness (Skew), and selected sample
percentiles for the firm characteristics. These sample statistics are computed using all firm-month observations for the
July 1963 to December 2013 sample period. The characteristics are the logarithm of the ratio of book equity to market
equity (log B/M), the logarithm of market equity in millions (log ME), the ratio of gross profits to total assets (GP/TA),
the year-to-year growth rate of total assets (TAG), and the ratio of cash equivalents to total assets (CH/TA). The values
of the characteristics are updated annually at the end of June, and hence do not change for a given firm during the
12 month period between July of a given year and June of the following year. The dataset includes observations
for financial firms (SIC codes between 6000 and 6999). The reported statistics are for the trimmed versions of the
variables used to produce the cross-sectional regression results reported in Table II.
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table ii
cross-sectional regression estimates

All firms Excluding financial firms

(1) (2) (3) (4) (5) (6) (7) (8)

Constant 1.88 1.60 1.69 1.49 1.98 1.67 1.77 1.56
(5.43) (4.58) (5.02) (4.54) (5.39) (4.34) (4.74) (4.29)

log B/M 0.29 0.35 0.27 0.31 0.31 0.36 0.28 0.31
(4.31) (5.14) (4.17) (5.19) (4.75) (5.26) (4.26) (5.19)

log ME −0.11 −0.09 −0.09 −0.07 −0.12 −0.11 −0.11 −0.08
(−2.40) (−2.08) (−2.12) (−1.68) (−2.60) (−2.31) (−2.35) (−1.91)

GP/TA 0.75 0.66 0.68 0.73 0.63 0.67
(6.47) (5.59) (5.56) (5.28) (4.74) (5.07)

TAG −0.59 −0.65 −0.58 −0.65
(−7.13) (−8.12) (−6.98) (−7.93)

CH/TA 0.93 0.95
(3.53) (3.80)

R2 0.022 0.025 0.028 0.030 0.022 0.025 0.027 0.029

The dependent variable is the monthly percentage firm-level stock return. The regressors are the logarithm of the ratio
of book equity to market equity (log B/M), the logarithm of market equity in millions (log ME), the ratio of gross
profits to total assets (GP/TA), the year-to-year growth rate of total assets (TAG), and the ratio of cash equivalents to
total assets (CH/TA). All of the regressors are trimmed at the 1st and 99th percentiles. The characteristic values are
updated annually at the end of June, and hence do not change for a given firm during the 12 month period between July
of a given year and June of the following year. I fit the cross-sectional regression for every month from July 1963 to
December 2013, and report the average value of the time series of estimated slope coefficients for each characteristic.
Fama and MacBeth (1973) t-statistics are shown below the average estimated slopes in parentheses. All regressions
include a constant. The results in columns one to four are for the full set of NYSE, AMEX, and NASDAQ firms.
The results in columns five to eight show the impact of excluding financial firms (SIC codes 6000 to 6999) from the
analysis.
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table iii
properties of the regression-based hedge portfolios and fama-french factors

Panel A: Descriptive statistics
Percentiles

Mean Vol Skew Kurt 1st 10th 25th 50th 75th 90th 99th

EWM 0.88 5.88 −0.21 2.91 −16.70 −6.15 −2.39 1.23 4.30 7.65 14.04
HP1 0.60 2.68 0.17 3.05 −6.60 −2.23 −0.74 0.56 1.98 3.67 8.23
HP2 −0.28 4.23 −0.99 4.47 −13.44 −4.97 −2.13 0.07 2.00 4.18 8.83
HP3 0.44 1.90 0.37 1.07 −3.92 −1.83 −0.75 0.36 1.61 2.75 5.52
HP4 −0.84 2.62 1.42 23.72 −8.44 −3.37 −1.91 −0.77 0.28 1.39 6.32
HP5 0.38 2.90 2.85 23.90 −7.59 −2.09 −0.68 0.29 1.16 2.51 13.59
VWM 0.50 4.49 −0.53 1.93 −11.77 −4.94 −2.02 0.86 3.49 5.51 11.14
SMB 0.29 3.07 0.40 3.70 −6.85 −3.35 −1.40 0.11 2.12 3.73 8.49
HML 0.38 2.87 −0.00 2.58 −7.96 −2.86 −1.16 0.39 1.72 3.87 7.65
RMW 0.25 2.14 −0.40 11.76 −4.40 −1.89 −0.88 0.16 1.31 2.39 6.15
CMA 0.33 2.00 0.25 1.35 −4.72 −2.02 −0.92 0.23 1.57 2.89 5.82

Panel B: Sample correlation matrix

EWM HP1 HP2 HP3 HP4 HP5 VWM SMB HML RMW CMA

EWM 1.00 −0.25 −0.35 0.18 0.39 0.25 0.87 0.66 −0.20 −0.33 −0.30
HP1 −0.25 1.00 0.31 0.13 −0.26 −0.21 −0.27 −0.20 0.69 0.10 0.56
HP2 −0.35 0.31 1.00 0.18 −0.19 −0.15 0.04 −0.57 0.08 0.32 0.03
HP3 0.18 0.13 0.18 1.00 0.26 0.28 0.19 0.11 −0.27 0.11 −0.23
HP4 0.39 −0.26 −0.19 0.26 1.00 0.22 0.33 0.16 −0.38 −0.17 −0.57
HP5 0.25 −0.21 −0.15 0.28 0.22 1.00 0.21 0.25 −0.51 −0.58 −0.23
VWM 0.87 −0.27 0.04 0.19 0.33 0.21 1.00 0.28 −0.30 −0.21 −0.39
SMB 0.66 −0.20 −0.57 0.11 0.16 0.25 0.28 1.00 −0.11 −0.36 −0.11
HML −0.20 0.69 0.08 −0.27 −0.38 −0.51 −0.30 −0.11 1.00 0.08 0.70
RMW −0.33 0.10 0.32 0.11 −0.17 −0.58 −0.21 −0.36 0.08 1.00 −0.11
CMA −0.30 0.56 0.03 −0.23 −0.57 −0.23 −0.39 −0.11 0.70 −0.11 1.00

Panel A reports the sample mean (Mean), sample volatility (Vol), sample skewness (Skew), and sample excess kurtosis
(Kurt), and selected sample percentiles for the excess return on the equally-weighted market portfolio (EWM) and
the returns on five hedge portfolios that are constructed using characteristic-dependent weights (HP1 to HP5). The
characteristics are (1) the ratio of book equity to market equity (log B/M), (2) the logarithm of market equity (log
ME), (3) the ratio of gross profits to total assets (GP/TA), (4) the year-to-year growth rate of total assets (TAG), and
(5) the ratio of cash equivalents to total assets (CH/TA). The regression-based procedure used to construct the hedge
portfolios controls for the cross-sectional correlations between these characteristics. Panel A also reports the same
statistical information for the returns used as factors in the Fama and French (2014) five factor model, i.e., the excess
return on the value-weighted market portfolio (VWM), the return on a hedge portfolio that shorts large ME stocks and
invests in small ME stocks (SMB), the return on a hedge portfolio that shorts low B/M stocks and invests in high B/M
stocks (HML), the return on a hedge portfolio that shorts the stocks of firms with weak operating profitability and
invests in the stocks of firms with robust operating profitability (RMW), and the return on a hedge portfolio that shorts
the stocks of firms with high (aggressive) investment levels and invests in the stocks of firms with low (conservative)
investment levels (CMA). Panel B reports the sample correlation matrix of the returns. The sample period is July 1963
to December 2013 (606 months).
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table iv
descriptive statistics for characteristic-based portfolios

Panel A: Firms grouped using log B/M residual
Sample moments of returns Sample means of characteristics

Decile Mean StDev Skew Kurt log B/M log ME GP/TA TAG CH/TA

1 0.82 7.43 −0.13 5.32 −1.94 4.3 0.34 0.23 0.16
2 1.03 6.53 −0.29 5.27 −1.28 4.7 0.37 0.25 0.14
3 1.18 5.99 −0.27 5.43 −0.96 4.7 0.36 0.23 0.13
4 1.22 5.76 −0.26 6.00 −0.73 4.7 0.35 0.21 0.12
5 1.26 5.62 −0.41 6.03 −0.56 4.7 0.34 0.20 0.12
6 1.30 5.48 −0.31 6.21 −0.40 4.7 0.33 0.19 0.12
7 1.38 5.61 −0.18 6.37 −0.24 4.7 0.33 0.17 0.12
8 1.45 5.60 −0.13 6.64 −0.08 4.7 0.33 0.17 0.13
9 1.53 5.83 −0.04 6.39 0.13 4.6 0.34 0.18 0.14
10 1.64 6.56 0.44 7.31 0.48 4.2 0.36 0.27 0.16

Panel B: Firms grouped using log ME residual
Sample moments of returns Sample means of characteristics

Decile Mean StDev Skew Kurt log B/M log ME GP/TA TAG CH/TA

1 1.62 7.22 0.47 5.89 −0.64 2.0 0.33 0.15 0.11
2 1.39 6.66 0.31 6.15 −0.44 2.7 0.34 0.19 0.13
3 1.23 6.39 −0.06 6.01 −0.43 3.3 0.34 0.22 0.13
4 1.25 6.38 −0.08 6.05 −0.44 3.8 0.35 0.22 0.14
5 1.34 6.33 −0.10 5.83 −0.45 4.3 0.36 0.24 0.15
6 1.31 6.22 −0.21 5.91 −0.47 4.7 0.36 0.24 0.15
7 1.31 6.04 −0.30 5.77 −0.51 5.3 0.35 0.25 0.15
8 1.23 5.81 −0.33 5.56 −0.56 5.8 0.35 0.22 0.14
9 1.19 5.39 −0.30 5.69 −0.59 6.6 0.35 0.19 0.13
10 1.10 4.93 −0.29 5.17 −0.52 7.8 0.32 0.15 0.10

Panel C: Firms grouped using GP/TA residual
Sample moments of returns Sample means of characteristics

Decile Mean StDev Skew Kurt log B/M log ME GP/TA TAG CH/TA

1 0.98 6.17 0.05 5.76 −0.87 4.1 0.03 0.20 0.19
2 1.19 5.21 −0.19 6.14 −0.35 4.6 0.11 0.18 0.10
3 1.16 5.62 −0.22 5.90 −0.33 4.8 0.17 0.20 0.11
4 1.20 5.99 −0.17 6.12 −0.35 4.9 0.23 0.22 0.11
5 1.23 6.09 −0.27 5.91 −0.41 4.7 0.30 0.22 0.12
6 1.36 6.31 −0.14 5.98 −0.46 4.7 0.36 0.24 0.13
7 1.39 6.21 −0.18 6.02 −0.48 4.6 0.42 0.22 0.14
8 1.43 6.14 −0.22 5.68 −0.56 4.6 0.50 0.22 0.14
9 1.58 6.34 −0.05 5.87 −0.61 4.5 0.61 0.22 0.15
10 1.57 6.13 −0.00 6.22 −0.67 4.4 0.86 0.17 0.16

Panel D: Firms grouped using TAG residual
Sample moments of returns Sample means of characteristics

Decile Mean StDev Skew Kurt log B/M log ME GP/TA TAG CH/TA

1 1.52 7.45 0.15 5.30 −0.90 3.9 0.30 −0.09 0.24
2 1.38 5.79 −0.27 5.55 −0.61 4.7 0.35 0.02 0.15
3 1.46 5.26 −0.39 5.89 −0.46 4.9 0.34 0.05 0.11
4 1.39 5.19 −0.32 6.28 −0.36 4.9 0.34 0.08 0.10
5 1.35 5.33 −0.26 6.70 −0.30 4.8 0.35 0.11 0.09
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table iv (continued)

Sample moments of returns Sample means of characteristics
Decile Mean StDev Skew Kurt log B/M log ME GP/TA TAG CH/TA

6 1.34 5.40 −0.35 6.13 −0.28 4.7 0.36 0.15 0.09
7 1.26 5.85 −0.17 6.73 −0.31 4.6 0.38 0.20 0.10
8 1.24 6.02 −0.24 6.26 −0.39 4.5 0.38 0.29 0.11
9 1.00 6.69 −0.12 5.83 −0.56 4.4 0.37 0.51 0.13
10 0.49 7.98 0.24 7.37 −0.81 4.3 0.31 1.53 0.20

Panel E: Firms grouped using CH/TA residual
Sample moments of returns Sample means of characteristics

Decile Mean StDev Skew Kurt log B/M log ME GP/TA TAG CH/TA

1 0.85 6.22 −0.11 5.66 −1.07 4.1 0.35 0.39 0.03
2 1.19 5.43 −0.39 6.67 −0.47 4.4 0.32 0.17 0.03
3 1.29 5.52 −0.20 7.22 −0.30 4.7 0.32 0.13 0.04
4 1.35 5.73 −0.14 6.67 −0.25 4.9 0.33 0.12 0.06
5 1.45 5.83 −0.11 6.38 −0.29 4.9 0.35 0.14 0.09
6 1.39 6.17 −0.03 6.22 −0.38 4.8 0.37 0.16 0.13
7 1.44 6.27 −0.11 5.61 −0.45 4.7 0.38 0.19 0.18
8 1.42 6.57 −0.01 5.35 −0.56 4.6 0.39 0.23 0.25
9 1.42 6.83 0.13 6.05 −0.68 4.5 0.37 0.31 0.34
10 1.48 7.23 0.47 7.66 −0.72 4.2 0.30 0.31 0.52

The table reports descriptive statistics for five sets of decile portfolios. Each set of portfolios is designed to capture the
cross-sectional variation in average stock returns associated with a specific characteristic. The characteristics are the
logarithm of the ratio of book equity to market equity (log B/M), the logarithm of market equity in millions (log ME),
the ratio of gross profits to total assets (GP/TA), the year-to-year growth rate of total assets (TAG), and the ratio of cash
equivalents to total assets (CH/TA). The characteristic values are updated annually at the end of June, and hence do not
change for a given firm during the 12 month period between July of a given year and June of the following year. The
procedure used to construct the ten portfolios associated with each characteristic is as follows. First, I use data for June
of year t to fit a cross-sectional regression of the characteristic under consideration on a constant and the four remaining
characteristics. Next, I sort the firms in ascending order of the residuals from this regression, and divide the firms into
two groups: those with positive residuals and those with negative residuals. Finally, I use each group to form a set
of five equally-weighted portfolios by dividing the constituent firms into five subgroups using the quintile breakpoints
for the group (i.e., bottom 20% of the firms, next 20% of the firms, etc.). The portfolios are held for 12 months
(July of year t through June of year t + 1). The first four columns report the sample mean (Mean), sample volatility
(Vol), sample skewness (Skew), and sample excess kurtosis (Kurt) of the monthly percentage portfolio returns. The
remaining five columns report the mean values of the portfolio characteristics. The dataset includes observations for
financial firms (SIC codes 6000 to 6999). The sample period is July 1963 to December 2013 (606 months).

29



table v
analysis of cost-of-equity estimates for characteristic-based portfolios

Panel A: Proposed estimates and neglected covariance terms

r̄ew +
∑K

j=1 γ̄i jr̄h j

∑K
j=1 ĉov(γi j,t, rh j,t)

Decile log B/M log ME GP/TA TAG CH/TA log B/M log ME GP/TA TAG CH/TA

1 0.84 1.42 1.04 1.49 0.95 0.01 0.01 −0.01 −0.05 −0.05
2 1.03 1.45 1.17 1.40 1.21 −0.00 −0.00 −0.00 −0.05 −0.03
3 1.13 1.40 1.20 1.38 1.29 0.01 −0.01 −0.01 −0.03 0.01
4 1.21 1.38 1.23 1.37 1.32 −0.01 −0.00 0.00 −0.01 0.04
5 1.26 1.34 1.28 1.37 1.34 −0.01 −0.00 −0.00 0.01 0.05
6 1.32 1.31 1.30 1.35 1.36 −0.01 0.00 −0.01 0.02 0.03
7 1.38 1.25 1.35 1.33 1.39 −0.00 0.00 −0.01 0.03 0.02
8 1.44 1.20 1.39 1.26 1.42 0.01 0.01 0.02 0.04 0.02
9 1.53 1.13 1.46 1.10 1.43 0.02 −0.00 0.02 0.06 −0.01
10 1.66 1.06 1.66 0.54 1.57 0.00 0.00 −0.01 0.02 −0.05

Panel B: Average residuals and associated t-statistics

ēi t-statistic

Decile log B/M log ME GP/TA TAG CH/TA log B/M log ME GP/TA TAG CH/TA

1 −0.02 0.19 −0.05 0.08 −0.05 −0.48 3.33 −1.33 1.71 −1.59
2 0.00 −0.06 0.02 0.02 0.01 0.11 −1.39 0.38 0.79 0.24
3 0.05 −0.17 −0.03 0.11 −0.01 1.23 −4.70 −0.99 3.67 −0.18
4 0.03 −0.13 −0.03 0.03 −0.01 0.78 −3.16 −0.94 0.92 −0.47
5 0.01 0.00 −0.05 −0.03 0.07 0.23 0.04 −1.34 −1.04 2.25
6 −0.02 −0.00 0.07 −0.04 0.00 −0.48 −0.10 1.79 −1.12 0.07
7 0.01 0.06 0.05 −0.10 0.02 0.25 1.35 1.44 −2.44 0.62
8 −0.00 0.02 0.02 −0.06 −0.01 −0.03 0.77 0.61 −1.65 −0.29
9 −0.01 0.06 0.11 −0.15 0.00 −0.33 2.10 3.19 −3.19 0.01
10 −0.03 0.04 −0.08 −0.06 −0.04 −0.69 0.65 −1.92 −1.43 −1.19

MAPE 0.02 0.07 0.05 0.07 0.02
RMSPE 0.02 0.10 0.06 0.08 0.03

The table illustrates the in-sample performance of the cost-of-equity estimates produced by the proposed empirical
asset pricing model (see equation (19)), which is an approximation to the exact decomposition of average stock returns
derived from a cross-sectional regression specification that uses five characteristics as regressors. Panel A reports the
cost-of-equity estimates for five sets of equally-weighted decile portfolios, along with the associated sum of covariance
terms that appears in the exact decomposition of average returns, but is neglected in computing the cost-of-equity
estimates. Each set of decile portfolios is designed to capture the cross-sectional variation in average stock returns
associated with a specific characteristic. To construct the portfolios for the characteristic indicated by a given column
heading, I fit a cross-sectional regression of the characteristic on a constant and the four remaining characteristics,
sort the firms in ascending order of the regression residuals, divide the firms into two groups (positive residuals and
negative residuals), and divide the firms for each group into five subgroups using the quintile breakpoints for the
group. Panel B reports the value of the average residual that appears in the exact decomposition of average returns, but
is neglected in computing the cost-of-equity estimates. It also reports the t-statistic for the average residual along with
the mean absolute prediction error (MAPE) and root mean squared prediction error (RMSPE) for each set of decile
portfolios. The characteristics are the ratio of book equity to market equity (log B/M), the logarithm of market equity
(log ME), the ratio of gross profits to total assets (GP/TA), the year-to-year growth rate of total assets (TAG), and the
ratio of cash equivalents to total assets (CH/TA).
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table vi
out-of-sample performance of recursively-updated cost-of-capital estimates

Panel A: Estimates derived from cross-sectional regressions

Average one-month-ahead forecast error t-statistic of average forecast error

Decile log B/M log ME GP/TA TAG CH/TA log B/M log ME GP/TA TAG CH/TA

1 −0.12 0.17 −0.12 0.13 −0.14 −0.36 0.54 −0.43 0.39 −0.48
2 0.06 −0.02 0.07 0.09 0.04 0.20 −0.08 0.33 0.33 0.15
3 0.14 −0.10 0.00 0.21 0.13 0.50 −0.36 0.01 0.88 0.51
4 0.09 −0.04 0.04 0.18 0.15 0.34 −0.13 0.14 0.76 0.59
5 0.14 0.12 0.04 0.14 0.26 0.55 0.42 0.15 0.58 0.98
6 0.09 0.14 0.21 0.14 0.21 0.36 0.49 0.71 0.58 0.73
7 0.14 0.19 0.19 0.09 0.20 0.55 0.67 0.66 0.35 0.70
8 0.14 0.22 0.23 0.05 0.18 0.56 0.82 0.83 0.17 0.58
9 0.20 0.26 0.35 −0.03 0.15 0.74 1.03 1.19 −0.11 0.47
10 0.25 0.26 0.23 −0.10 0.13 0.81 1.13 0.79 −0.26 0.37

MAPE 0.14 0.15 0.15 0.12 0.16
RMSPE 0.15 0.17 0.18 0.13 0.17

Panel B: Estimates obtained by fitting five-factor model

Average one-month-ahead forecast error t-statistic of average forecast error

Decile log B/M log ME GP/TA TAG CH/TA log B/M log ME GP/TA TAG CH/TA

1 −0.09 0.52 0.04 0.48 −0.11 −0.26 1.63 0.14 1.40 −0.39
2 0.19 0.23 0.17 0.34 0.11 0.62 0.78 0.74 1.26 0.47
3 0.23 0.11 0.08 0.42 0.15 0.84 0.37 0.31 1.75 0.60
4 0.19 0.15 0.08 0.36 0.20 0.71 0.49 0.31 1.52 0.75
5 0.27 0.25 0.13 0.30 0.32 1.05 0.85 0.48 1.23 1.21
6 0.23 0.24 0.30 0.31 0.32 0.91 0.83 1.03 1.24 1.12
7 0.28 0.28 0.31 0.23 0.41 1.10 0.97 1.08 0.84 1.41
8 0.31 0.29 0.40 0.14 0.45 1.20 1.08 1.41 0.50 1.45
9 0.41 0.26 0.57 −0.05 0.53 1.52 1.03 1.94 −0.17 1.62
10 0.48 0.28 0.62 −0.48 0.75 1.56 1.19 2.13 −1.28 2.17

MAPE 0.27 0.26 0.27 0.31 0.33
RMSPE 0.29 0.28 0.33 0.34 0.39

The table illustrates the out-of-sample performance of the cost-of-equity estimates produced by my empirical asset
pricing model (see equation (19)), which is an approximation to the exact decomposition of average stock returns
derived from a cross-sectional regression specification that uses five characteristics as regressors. The cost-of-equity
estimates for month t are computed using the data for months 1 to t − 1, i.e., they are recursively-updated one-month-
ahead forecasts of expected returns. Panel A reports the average forecast errors and t statistics associated with these
estimates for five sets of equally-weighted decile portfolios. Each set of decile portfolios is designed to capture the
cross-sectional variation in average stock returns associated with a specific characteristic. To construct the portfolios
for the characteristic indicated by a given column heading, I fit a cross-sectional regression of the characteristic on a
constant and the four remaining characteristics, sort the firms in ascending order of the regression residuals, divide the
firms into two groups (positive residuals and negative residuals), and divide the firms for each group into five subgroups
using the quintile breakpoints for the group. Panel B provides a basis for comparison by reporting the average forecast
errors and t statistics for the recursively-updated cost-of-equity estimates obtained by fitting the Fama and French
(2014) five-factor model to the excess returns on the portfolios. Both panels also report the mean absolute prediction
error (MAPE) and root mean squared prediction error (RMSPE) for each set of decile portfolios. The characteristics
are the ratio of book equity to market equity (log B/M), the logarithm of market equity (log ME), the ratio of gross
profits to total assets (GP/TA), the year-to-year growth rate of total assets (TAG), and the ratio of cash equivalents to
total assets (CH/TA).
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table vii
sensitivity of mape and rmspe to the number of portfolios used for the analysis

Panel A: Estimates derived from cross-sectional regressions

MAPE RMSPE

Np log B/M log ME GP/TA TAG CH/TA log B/M log ME GP/TA TAG CH/TA

10 0.14 0.15 0.15 0.12 0.16 0.15 0.17 0.18 0.13 0.17
20 0.14 0.15 0.15 0.12 0.16 0.15 0.18 0.19 0.14 0.17
30 0.14 0.16 0.16 0.13 0.16 0.16 0.19 0.19 0.15 0.18
50 0.15 0.16 0.16 0.13 0.16 0.17 0.20 0.21 0.16 0.19
100 0.16 0.17 0.17 0.14 0.17 0.19 0.21 0.22 0.18 0.20
200 0.18 0.19 0.20 0.17 0.19 0.22 0.24 0.25 0.21 0.23

Panel B: Estimates obtained by fitting five-factor model

MAPE RMSPE

Np log B/M log ME GP/TA TAG CH/TA log B/M log ME GP/TA TAG CH/TA

10 0.27 0.26 0.27 0.31 0.33 0.29 0.28 0.33 0.34 0.39
20 0.27 0.26 0.27 0.32 0.34 0.29 0.28 0.34 0.34 0.39
30 0.28 0.26 0.28 0.32 0.34 0.30 0.29 0.34 0.35 0.40
50 0.27 0.26 0.28 0.31 0.34 0.31 0.29 0.35 0.35 0.40
100 0.28 0.26 0.29 0.32 0.34 0.32 0.30 0.36 0.36 0.41
200 0.29 0.27 0.30 0.33 0.35 0.34 0.32 0.38 0.38 0.43

The table shows how the number of characteristic-based portfolios (Np) used for the analysis affects the mean absolute
prediction error (MAPE) and root mean squared prediction error (RMSPE) of the cost-of-equity estimates produced
by my empirical asset pricing model (see equation (19)). The cost-of-equity estimates for month t are computed using
the data for months 1 to t − 1, i.e., they are recursively-updated one-month-ahead forecasts of expected returns. Panel
A reports the MAPE and RMSPE for five sets of equally-weighted decile portfolios. Each set of decile portfolios is
designed to capture the cross-sectional variation in average stock returns associated with a specific characteristic. To
construct the portfolios for the characteristic indicated by a given column heading, I fit a cross-sectional regression of
the characteristic on a constant and the four remaining characteristics, sort the firms in ascending order of the regression
residuals, divide the firms into two groups (positive residuals and negative residuals), and divide the firms for each
group into Np/2 subgroups using the appropriate percentile breakpoints for the group (e.g., quintile breakpoints for
Np = 10). Panel B provides a basis for comparison by reporting the MAPE and RMSPE of the recursively-updated
cost-of-equity estimates obtained by fitting the Fama and French (2014) five-factor model to the excess returns on the
portfolios. The characteristics are the ratio of book equity to market equity (log B/M), the logarithm of market equity
(log ME), the ratio of gross profits to total assets (GP/TA), the year-to-year growth rate of total assets (TAG), and the
ratio of cash equivalents to total assets (CH/TA).
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Figure 1. Average Returns vs. One-Month-Ahead Cost-of-Equity Estimates. The plots illustrate the performance of 
the cost-of-equity estimates produced by two empirical asset pricing models (the proposed model and the Fama 
and French (2014) five-factor model) for five different sets of 100 characteristic-based portfolios. The cost-of-
equity estimates for month t are computed using the data for months 1 to t-1, i.e., they are recursively-updated 
one-month-ahead forecasts of expected returns. The characteristics are the ratio of book equity to market equity 
(log B/M), the logarithm of market equity (log ME), the ratio of gross profits to total assets (GP/TA), the year-to-
year growth rate of total assets (TAG), and the ratio of cash equivalents to total assets (CH/TA).  
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Figure 1 (continued). 
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Figure 2. Comparison of Alternative Measures of Risk Exposure.  The figure illustrates the relation between the 
measures of risk exposure implied by two different strategies for constructing empirical asset pricing models.  To 
generate each plot, I estimate both measures for five different sets of 100 characteristic-based portfolios.  The 
horizontal axis indicates the value of the estimated factor loading obtained by fitting a time-series regression of 
the excess portfolio returns on the returns for the indicated hedge portfolio. The vertical axis shows the average 
value of the coefficient on the return for the indicated hedge portfolio in the decomposition of average stock 
returns implied by our cross-sectional regression specification.  
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