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Consumption, Dividends, and the Cross-Section of Equity Returns

Abstract

A common implication of general equilibrium models is that consumption betas
determine the cross-section of risk premia. In addition, consumption beta’s mirror
differences in the exposure of the asset’s dividends to aggregate consumption. These
arguments suggest that differences in the exposure of dividends to consumption move-
ments may contain information regarding the cross-sectional differences in risk premia.
In this paper, we show that the long-run covariance between dividends and consump-
tion account for a large proportion of the cross-sectional differences is risk premia on
assets. We measure the long run covariance (i.e., cash flow beta) between consumption
and dividends in two alternative ways. First, the regression coefficient from regressing
dividend growth rates on a trailing moving average of consumption growth rates, and
second, by the stochastic cointegration parameter between dividends and consumption.
Cross-sectional differences in these measures of cash flow beta’s account for more than
50% of the cross-sectional variation in risk premia across 30 portfolios—which include
10 momentum, 10 size, and 10 book-to-market sorted portfolios. Our empirical work
shows that compensation for consumption risk is positive and highly significant. Our
cash flow beta’s, relative to benchmark models, are far more capable of justifying the
differences in risk premia in the cross-section of assets. Monte Carlo evidence presented
in the paper further corroborates our GMM based empirical evidence. In all, our work
suggests the covariation of cash flows to low frequency movements in consumption

contain important information regarding the risk premia on assets.



1 Introduction

The idea that differences in exposure to systematic risk should justify differences in risk pre-
mia across assets is central to asset pricing. The static CAPM (see Sharpe (1964), Lintner
(1965)) implies that assets’ exposures to aggregate wealth should determine cross-sectional
differences in risk premia. The work of Lucas (1978) and Breeden (1979) argues that the
risk premium on an asset is determined by its ability to insure against consumption fluctu-
ations. Hence, the exposure of asset returns to movements in aggregate consumption (i.e.,
the consumption betas) should determine cross-sectional differences in risk premia. Evidence
presented in Hansen and Singleton (1982, 1983) for the consumption based models, and in
Fama and French (1992) for the CAPM, shows that these models have considerable diffi-
culty in justifying the differences in rates of return across assets.! Consequently, identifying
economic sources of risks that justify differences in the measured risk premia across assets

continues to be an important economic issue.

An implication of general equilibrium models is that consumption betas are determined
by preference parameters and the exposure of dividends to consumption. In particular, Abel
(1999), Campbell (2000), and Bansal and Yaron (2000) present economic models where dif-
ferences in consumption betas in the cross-section of assets mirrors differences in the exposure
of the asset’s dividends to consumption. Dividend flows which have larger consumption ex-
posure (we label this the cash flow beta) have a larger consumption beta, and consequently
also carry a higher risk premium. Using data on consumption and dividends, we directly
measure the cash flow beta of 30 asset portfolios: 10 size, 10 book-to-market, and 10 momen-
tum sorted portfolios. We show that the cross-sectional dispersion in the measured cash flow
beta explains approximately 50% of the cross-sectional variation in observed risk premia.
Further, the estimated market price of consumption risk is sizable, statistically significant,
and positive in all cases. Our estimated model can duplicate much of the spread in the mean
returns of the extreme momentum portfolios (winner minus loser), the size spread (small
capitalization minus large), and the value spread (high book-to-market minus low). For the
same collection of assets, the benchmark Fama and French (1993) three factor model explains

about 25% of the cross-sectional differences in the risk premia.?

LA voluminous literature over the past 20 years documents the difficulties of asset pricing models in
explaining cross-sectional differences in measured risk premia. For an extensive recent survey see Campbell
(2000)

2This is not surprising; Fama and French (1993) document that the dispersion in mean returns of mo-



We measure the exposure of a portfolio’s dividend stream to consumption (the cash flow
beta) in the time-series in two different ways. First, we measure the cash flow beta by the
regression coefficient (OLS slope coefficient) of the future ex-post dividend growth rate on a
moving average of past consumption growth rates. In the second approach, we measure the
cash flow beta by the stochastic cointegration (see Campbell and Perron (1991) and Ogaki
and Park (1998)) parameter between dividends and consumption. While our primary focus
will be on the growth rate based regressions, our cointegration based approach produces

similar empirical results.

We focus on size, book-market, and momentum sorted portfolios as the test assets. These
assets form the basis of common risk factors used to explain differences in risk premia of
other assets (see Fama and French (1993) and Carhart (1997)). Further, the dispersion in
cross-sectional mean returns of these 30 assets is particularly challenging for many benchmark
asset pricing models. In our empirical work, we also compare our model to alternative models
proposed in the literature. In particular, we report results for the three factor Fama-French
model, the static CAPM and the C-CAPM. Our empirical work estimates the time-series
cash flow beta’s and the cross-sectional price of consumption risk parameter jointly (using

GMM), and hence our standard errors take account of the estimation error in all parameters.

As stated above, our single factor cash flow beta’s developed in the paper can capture
approximately 50% of the cross-sectional variation in risk premia. The price of consumption
risk, the slope coefficient on the cash flow beta’s in the cross-section of assets, is highly
statistically significant. The point estimate is about 0.16 % (S.E.=0.053). The magnitudes
of the cross-sectional R?’s and the measured price of consumption risk are very similar
across the growth rate and cointegration based measures of cash flow beta’s. Further, betas
associated with benchmark factor models cannot explain the cross-sectional variation in risk
premia. For example, the static CAPM and the C-CAPM can capture no more than 5% of
the cross-sectional dispersion. In many cases, the premium associated with the risk factor is
negative. In contrast to the single and multifactor models, our cash flow beta model a priori
restricts the price of risk to be positive. In addition, our general equilibrium model provides
an explicit mapping between the cash flow dynamics, the risk sources, and the betas, thus

helping to interpret the empirical evidence.

To evaluate the our empirical evidence, we also conduct two Monte Carlo experiments:

mentum assets is particularly challenging for the their three factor specification.



one conducted under the null of the model and another under an alternative specification
when all parameters of interest are zero. The finite sample distributions for the various
parameters of interest, particularly the cross-sectional consumption price of risk parameter

and adjusted R2?, further supports our GMM-based empirical evidence.

Our approach to measuring the cash flow beta is motivated by arguments presented in
Hall (2001), Barsky and DeLong (1993), and Bansal and Lundblad (2002). These authors
argue that small persistent predictable variation in aggregate economic growth rates is an
important component in understanding asset price fluctuations. In all, our empirical evi-
dence suggests that exposure to “low-frequency” components in consumption growth rates
may indeed be an important source of systematic risk. Dividends of different assets have
different exposures to this non-diversifiable source of risk; quantifiable differences in this
exposure determine the cash flow beta and consequently the cross-section of risk premia.
It is important to note (we provide this evidence) that measures of dividend-beta’s based
on regressing dividend growth rates on contemporaneous consumption growth rates capture
little to none of the cross-sectional differences in risk premia. Hence, it seems that valuable
information regarding mean rates of return on different assets is encoded in the exposure of

dividends to low frequency movements in aggregate consumption.

Section 2 provides the solution for the cash flow beta model, as well as an analytical
expression for the fundamental consumption beta (risk exposure). Section 3 provides data
description and empirical evidence pertaining to the cash flow betas between. Section 4
details the ability of the dividend beta model to explain cross-sectional variation in risk

premia and discusses our monte carlo evidence. Finally, Section 5 concludes.

2 Modeling Asset Returns

Our objective in this paper to show that the covariances between current dividend growth
rates and long lags of consumption contain important information regarding the average
returns on assets. The long run covariance can also be measured alternatively in levels via
stochastic cointegration between dividends and consumption. In the following section, we
present a general equilibrium model which motivates this empirical exercise. In particular,
we show that an asset consumption beta is intimately related to the exposure of dividends

to consumptions, and hence this exposure should contain information about the risk premia



on assets. A related models is also considered in Campbell (2000), and Bansal and Yaron
(2000). Tt is important to note that the broad economic implication that consumption betas
are endogenous and mirror the differences in the consumption exposure of dividends is not
unique to the model presented below; Abel (1999) presents a habit based model where the

same holds true. Details of the model discussed below are in the appendix.

2.1 Asset Pricing Model

For the Epstein and Zin (1989) representative agent model the Intertemporal Marginal Rate
of Substitution (IMRS) is,

_9
M1 = 59Gt+¢i (RC,HI)_(I_G)' (1)

G141 is the aggregate gross growth rate of consumption and R.;; is the total return on

an asset that pays off aggregate consumption each period. Further, § is a time preference

parameter, 1) denotes the intertemporal elasticity of substitution, and 6 = 11__1, where ~y
P

represents the coefficient of relative risk aversion.

The log of aggregate consumption ¢; is assumed, as in Campbell (2000) and Bansal
and Yaron (2000), to follow an ARIMA(1,1,1) process. The innovations in the univariate
consumption process are 7;. Our consumption dynamics are designed to maintain a single

factor of risk—the innovation in consumption growth.?

The log growth rate of consumption, g;y1 = ¢;11 — ¢, is an ARMA(1,1),

Giv1 = pe(1 = p) + pge + M1 — Wi (2)

and p and w are less than one in absolute value. The above growth rate process can be
stated in terms of x;, a variable that determines the conditional mean of the consumption

growth rate:

mo= (p=w) ) oy (3)

Giv1 = e+ (T — fio) + Mg, (4)

SMulti-factor extensions are straightforward and are considered in Campbell (1996) and Bansal and Yaron
(2000).



where p, is the unconditional mean of x;. When p and w are large (with p > w), then
x; is small in size and quite persistent. Barsky and DeLong (1993) and Hall (2001) argue
that such small, persistent fluctuations in growth rates (the low frequency movements) are
important for understanding asset price fluctuations. Note that when p = w consumption

growth is 7.4.d.

2.2 Restrictions on the Risk Premia

The risk premium on any asset, where the return and the IMRS are log-normally distributed,

is

E, [Ri,t+1 - Rf,t] = 51;[BM‘7727] (5)
where,
cov(Ti 141,
@ _ t( ;+1 t+1) (6)
Uﬂt+1

The risk premium on an asset that has an exposure of 7;,; to consumption innovation risk,
equals BMO'EI, the price of consumption risk. The magnitude of B, is determined by the
preference parameters and the dynamics of consumption (see appendix for details). The

consumption beta of the asset determines the risk premium on the asset.

It is important to note that the beta of an asset is not an exogenous variable, rather
it is determined in equilibrium by the exposure of the underlying dividends to aggregate
consumption risk. To show this, we discuss alternative specifications that relate dividends

to consumption.

2.3 Cash Flow Beta’s: Growth Rates

In the context of a model of habits, Abel (1999) argues that the risk premium on different
assets can be viewed as a result of differences in their dividend beta. He considers risk premia
on assets where dividends (in logs) are expressed as d,;; = @;¢y; ; is the cash flow beta of

the asset. He shows that assets with larger ¢ also have larger risk premia.

To capture this intuition in growth rates, the relationship between dividends and con-



sumption can be modeled using a growth projection:

dipt1 —diy = Girr1 = 0i + ©i%t + Nigsa (7)
COU(Qz‘ t+1, $t)

P = - - 7 8

14 var(xy) (8)

©; is a standard regression coefficient that measures the covariance between dividend growth
and expected consumption growth. Note that cov(gi 1, 2:) = (p—w) 72w’ cov(gisi1, Gi—)
—that is, ; reflects a measure of long run covariation between dividend growth and the history
of consumption growth. We show below that an asset’s beta depends on ¢;, its exposure to
the predictable variation in the expected consumption growth rate z;. It is worth noting that
there is no significant change in the implications if one were to assume that consumption

growth is i.7.d, but dividend growth depended on long lags of consumption growth.

Given the dynamics of the dividend growth, the arithmetic risk premium is determined

by expression (5), where the consumption beta of the asset is

Bi =1 + ki1Aii(p — w)] 9)

and A;, = f;i and 7; is the regression coefficient of the residual in dividend growth rate
projection (equation 8) on the consumption innovation. As can be seen, the beta of an asset
is not exogenous. Rather, it is determined by the preference parameters and by the exposure
of its dividend growth to consumption. An increase in the cash flow beta, ¢;, raises the risk
premium on an asset. For simplification, we further assume that 7, = 7. The dividend yield
of a given asset in this model is not constant, and reacts to changing expected consumption

growth rates.

2.4 Cash Flow Beta: Cointegration

In this section, we model consumption and dividends as stochastically cointegrated processes.

Log dividends, d;;, and log consumption, ¢; are related in the following manner:

dip = i +0; -t + dicy + €4 (10)



In equation (10), ¢; describes the long-run stochastic relationship between consumption and
dividends and is our alternative measure of cash flow beta. It is assumed that d;; and ¢
are 1(1), but the departures from the relationship ¢;,, are I(0). This specification, as in
discussed in Campbell and Perron (1991) Perron and Campbell (1993) and Ogaki and Park
(1998), implies that asset-specific dividends and aggregate consumption are stochastically
cointegrated. That is, ¢; measures the exposure of the stochastic trend in dividends to the
stochastic trend in consumption. Note that with this notion of cointegration d;; — ¢;c; may

only contain a deterministic trend (i.e., no stochastic trend) if ¢; is different from zero.

The stochastic cointegration parameter ¢; can also be measured by first removing a de-
terministic time trend from the level of both ¢; and d;; and then utilizing the resulting
detrended series to estimate ¢;. In practice we measure the ¢;’s by deterministically de-
trending all the dividend and consumption series, and regressing the detrended dividends
on a constant and the detrended consumption. Stochastic cointegration ensures that our
estimated measure of cash flow beta ¢;, is not driven by deterministic trends in consumption
and dividends, and does not simply reflect differences in mean dividend growth rates.* An
additional motivation for detrending the data is that deterministic trends do not affect the
risk premium as they are valued risk-neutrally. In economic terms what does ¢; measure?
As shown in Phillips and Ouliaris (1990), ¢; provides a measure of the long run covariance

between consumption and dividends.

Using stochastic cointegration to measure the cash flow beta is particularly valuable when
one considers the possibility that both consumption and dividends are measured with error.
Asymptotically, the presence of such measurement errors will not affect the estimates of
the stochastic cointegration parameter, ¢;. Taking the first difference of equation (10), and

substituting the assumed consumption growth rate process (4), it follows that

Gi41 = 05 + iy + Gifg1 + €101 — €iy (11)

“Note that in equation (10), if §; is set to zero, then it follows that d; ; and ¢; are fully cointegrated. In this
case the estimated ¢; (with J; set equal to 0) would equal the ratio of the mean dividend growth rate relative
to mean consumption growth rate (see discussion in Hamilton (1994)). By deterministically detrending d;
and ¢; and then using the resulting detrended series to run a cointegration regression to estimate ¢;, we
ensure that this parameter is estimated by the exposure of the stochastic trend in dividends to the stochastic
trend in consumption. In other words, deterministic trends do not play a role in the estimation of ¢;.



Using equation (11), it is shown in the appendix that the consumption beta of the asset is

Bi = (i + ki1 Ain(p — w)] (12)

Hence, as in the growth rate specification, the asset’s beta reflects its cash flow exposure to

consumption.

2.4.1 Cross-Sectional Restrictions

The asset’s consumption beta, in conjunction with the restriction on the asset risk premium
(see equation (5)), leads to cross-sectional implications for risk premia. Typically, these
cross-sectional restrictions are tested by regressing the average return on a constant and
the beta on the asset. Given the link between the cash flow exposure to consumption and
the beta of the asset, the same theoretical restrictions can be tested by a cross-sectional
regression on the cash flow beta directly. Assuming that r;; is identical across all assets
(in the data, these differences are very small), it follows that the cross-sectional correlation

between 3; and ¢; is one.

The perfect correlation between ¢; and (3; implies that the cross-sectional regression of
the average return on a constant and ¢;, provides the same predicted (i.e, theoretical) mean
return as a cross-sectional regression of the average return on 3;. Further, the R? in the
cross-sectional regression based on ¢; is equal to that from using [3; directly. Consequently,
substituting the consumption beta, equation (9), into the expression for the risk premium,

equation (5), leads to the following cross-sectional regression,
E[Rit] = Ao + pide. (13)

If the above cross-sectional regression used f; instead of ¢;, then \q would equal the mean
risk-free rate and A, the risk-premium on the asset with unit consumption beta, that is
Byoy. When g; is used, then the estimated Ao = E[Ry] — iq, and A, = (14 q)Byo}, with
q= ;“:p. Our estimates of Ay and A, correspond to these quantities. Using the dividend
beta directly obviates the need to estimate additional preference and consumption growth

rate parameters that go into the construction of 3;; these parameters, as stated above, do not
alter the predicted (theoretical) mean return for various assets. Equation (13) will be used

extensively to evaluate the empirical plausibility of the cash flow beta model. The above



logic directly applies to the cointegration based measures of cash flow beta as well, the only

difference being that we replace ¢; in equation (13) with ¢;.

3 Cash Flow Dynamics

3.1 Data
3.1.1 Aggregate Cash Flows and Factors

In our empirical tests, we consider the ability of the cash flow beta model stated in equation
(13), as well as alternative pricing models, to capture cross-sectional variation in average
returns. Our empirical exercise is conducted on data sampled on a quarterly frequency.
Following many past studies [e.g. Hansen and Singleton (1983)], we define aggregate con-
sumption as seasonally adjusted real per capita consumption of nondurables plus services.
The quarterly real per capita consumption data are taken from the NIPA tables available
from the Bureau of Economic Analysis. To convert returns and other nominal quantities, we
also take the associated personal consumption expenditures (PCE) deflator from the NIPA
tables. The mean of the inflation series is 0.0113 per quarter with a standard deviation
of 0.0065. The mean of the quarterly real consumption growth rate series over the period
spanning the 3rd quarter of 1967 through the 4th quarter of 1999 is 0.0052 with standard
deviation of 0.0045.

The alternative set of models that we investigate are referred to as unconditional factor
models. The particular models that we consider are the Consumption Capital Asset Pricing
Model (C-CAPM), the Capital Asset Pricing Model (CAPM), and a Three-Factor Model.
The factor in the C-CAPM is the growth rate of consumption, defined as the first difference
in log real per capita consumption. The priced source of risk in the CAPM is the return on
a value-weighted index of stocks, obtained from CRSP. The three-factor Fama and French
(1993) model posits that the priced risk factors are market, size, and value factors. The
market risk premium is the excess return (over the return on a Treasury Bill with one month
to maturity) on the value-weighted market return. The size factor is the difference in the
return on a portfolio of small capitalization stocks and the return on a portfolio of large

capitalization stocks. The value factor is the difference between the return on a portfolio



of high book-to-market stocks and the return on a portfolio of low book-to-market stocks.®
Market capitalization and return data are taken from CRSP, and book values are formed

from Compustat data.

Throughout the paper, all of the coefficients and standard errors of both the time series
and cross-sectional parameters are calculated via GMM; all of the risk exposures (p; or f3;)
and cross-sectional risk prices are jointly estimated in one step (see Appendix for details).
The GMM procedure that we follow is similar to that proposed in Cochrane (2001).

3.1.2 Benchmark Portfolios

The portfolios employed in our empirical tests sort firms on dimensions that lead to cross-
sectional dispersion in measured risk premia. The particular characteristics that we consider
are firms’ market value, book-to-market ratio, and past returns (momentum). Our rationale
for examining portfolios sorted on these characteristics is that size, book-to-market, and
momentum based sorts are the basis for factor models examined in Fama and French (1993)
and Carhart (1997) to explain the risk premia on other assets. Consequently, understanding
the risk premia on these assets is an economically important step towards understanding the
risk compensation of a wider array of assets. We focus on one-dimensional sorts on these
characteristics as this procedure typically results in over 150 firms in each decile portfolio
and over 300 firms in each quintile portfolio. To better measure the consumption exposure
of dividends, it is important to limit the portfolio specific variation in dividend growth rates,

and a larger number of firms in a given portfolio helps to achieve this.

Market Capitalization Portfolios

We form a set of portfolios on the basis of market capitalization. The set of all firms
covered by CRSP are ranked on the basis of their market capitalization at the end of June
of each year using NYSE capitalization breakpoints. In Table 1, we present means and
standard deviations of market value-weighted returns for size quintile portfolios. The data
evidences a small size premium over the sample period; the mean real return on the lowest
quintile firms is 247 basis points per quarter, contrasted with a return of 221 basis points
per quarter for the highest quintile. The means and standard deviations of these portfolios

are similar to those reported in previous work.

°For more detail on the formation of these factors see Fama and French (1993).
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Book-to-Market Portfolios

Book values are constructed from Compustat data. The book-to-market ratio at year ¢ is
computed as the ratio of book value at fiscal year end ¢t — 1 to CRSP market value of equity
at calendar year ¢t — 1.5 All firms with Compustat book values covered in CRSP are ranked
on the basis of their book-to-market ratios at the end of June of each year using NYSE book-
to-market breakpoints. Sample statistics for these data are also presented in Table 1. The
data evidence a higher book-to-market than size spread; the highest book-to-market firms
earn average real quarterly returns of 306 basis points, whereas the lowest book-to-market

firms average 215 basis points per quarter.

Momentum Portfolios

The third set of portfolios investigated are portfolios sorted on the basis of past returns.
Jegadeesh and Titman (1993) use NYSE and AMEX listed firms to document that a “mo-
mentum” strategy that purchases the best-performing firms and shorts the worst over a past
horizon earns a substantial profit. To construct our momentum-based portfolio returns, we
follow a procedure analogous to Fama and French (1996) and sort CRSP-covered NYSE
and AMEX firms on the basis of their cumulative return over months ¢ — 12 through ¢ — 1.
Summary statistics for value-weighted portfolios formed at time ¢ on the basis of these past
returns are presented in Table 1. As shown, this sort provides the highest dispersion in mean
returns among the firm characteristics. The highest quintile firms earn an average real return
of 342 basis points per quarter, whereas the lowest quintile firms earn an average real return
of 48 basis points per quarter. The spread of 294 basis points and the reported volatility of

returns is comparable to the data in Fama and French (1996).

3.2 Portfolio Dividends

To explore the long-run relationship between portfolio cash flows and consumption, we also
need to extract dividend payments associated with these value-weighted portfolios. Our
construction of the dividend series is the same as that in Campbell (2000). Let the total
return per dollar invested be

Rip1 =l + yea

6We thank Ken French for providing us the book to market-sorted portfolio data. For a detailed discussion
of the formation of the book to market variable, refer to Fama and French (1992).
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where h;, 1 is the price appreciation and ;. the dividend yield (i.e., dividends at date ¢ + 1
per dollar invested at date t).7 We observe R;,; and the price gain series h;y; for each
portfolio; hence, y;11 = Riy1 — hyy1. The level of the dividends we use in the paper is

computed as

D1 =y Vi

where

‘/;5+1 - ht—i—l‘/;f

with Vy = 100. Hence, the dividend series that we use, D;, corresponds to the total dividends
given out by a mutual fund at ¢ that extracts the dividends and reinvests the capital gains.
The ex-dividend value of the mutual fund is V; and the per dollar return for the investors in

the mutual fund is
Vie1 + Dy

Vi

From this equation, it is evident that V; is the discounted value of the dividends that we use.

Rt+1 = = ht+1 T Y1

We construct the level of the dividends D; for all the portfolios on a monthly basis.
From this we construct quarterly levels of dividends by summing the level of dividends
within a quarter. As the dividend yields have strong seasonalities, we employ a trailing
four quarter average of the quarterly dividends to construct the deseasonalized quarterly
dividend series. This procedure is consistent with the approach in Hodrick (1992), Heaton
(1993), and Bollerslev and Hodrick (1995). These series are converted to real by the personal
consumption deflator. Log growth rates are constructed by taking the log first difference of
the quarterly deseasonalized series. Summary statistics for the dividend growth rates of the
portfolios under consideration are presented in Table 1. An analogous construction is applied

for decile portfolios; summary statistics for these portfolios are presented in Table 2.

"To be precise, hy,1 represents the ratio of the value at time ¢ + 1 to time ¢, V{Zl, and y;41 represents

the total dividends paid by the firm at time ¢ + 1 divided by firm value at time ¢, D"‘,f“ .

12



4 Empirical Evidence

4.1 Measuring the Consumption Exposure of Dividends

To measure the time-series relationship between dividends and consumption, we consider

the following regression:

Gi+1 = 05 + @iy + Mg (14)

where ¢ 141 = di 41 — d;» and ¢; measures the covariance between portfolio dividend growth
and x;. Given x;, ; is estimated by exploiting standard GMM orthogonality conditions of
the error term with z, the details of which are provided in the appendix. We construct x;
as a simple trailing eight-quarter moving average of past real consumption growth. We also
document evidence at different lengths of smoothing.® Hence, the consumption exposure of

dividends is measured as K
o szzl cov(git+1s Gr1-5)

Var(30L, graj)

with K being the length over which consumption growth is smoothed.

Pi

To measure the cash flow beta, ¢;, via stochastic cointegration, we first detrend the log
consumption and dividend series by separately regressing the log level of consumption and
the log level of dividends on a constant and a time trend. The resulting de-trended time
series, ¢; and dj, are then used to measure ¢;. More specifically, we follow Stock and Watson

(1993), and use dynamic least squares (DOLS) to estimate ¢;, that is we estimate ¢; via

K
diy = pi + ¢ici + Z (_kAC_y, + arAcy ) + €y (15)

k=1
with K = 4. By first deterministically detrending consumption and dividends, and then
using the de-trended series to measure ¢;, we ensure that deterministic trends in dividends

and consumption do not drive our measures of ¢;.

Estimates of ¢; for the characteristic-sorted quintile portfolios are presented in Table

1. As shown in the table, a clear pattern emerges in the covariance of portfolio dividend

8We also estimate an ARMA (1,1) for the consumption growth series from 1967.3 to 1999.4. The AR(1)
parameter estimate of this process is 0.730 (S.E.=0.116) and the MA(1) estimate is 0.404 (S.E.=0.178).
The 8 quarter smoothed consumption growth series and the conditional mean time-series implied by the
estimated ARMA process for consumption growth have a correlation of about 90%.

13



growth rates with the smoothed consumption growth rate. Sorting on past returns produces
extremely large dispersion in ¢; the sensitivity of winner portfolio dividend growth to con-
sumption growth is 9.33 (S.E. 5.71) compared to -2.65 (S.E. 5.50) for the loser portfolio.
Book-to-market sorts also produce a large spread; the high book-to-market firms’ sensitiv-
ity to consumption growth is 5.58 (S.E. 2.88) compared to -0.83 (S.E. 1.82) for the low

book-to-market firms.

The evidence based on cointegration exactly mirrors this pattern. In particular, the loser
portfolio and the low book-to-market portfolios have small ¢’s and low mean returns, while
the opposite is true for the high mean return portfolios. As a measure of the empirical
content of the economic argument, note that in Table 1 panel B we report results from
regressing the mean returns on the cash flow beta measures. Throughout the paper, all risk
prices are expressed in quarterly percentage terms. For the growth rate based dividend beta,
the cross-sectional R? is 58%, and it is 68% for the cointegration based measure. The slope
coefficients in both cases are positive and highly significant. The quarterly compensation
for consumption risk is 0.17% (S.E. 0.05) for the growth rate case and 0.15% (S.E. 0.03) in
case of cointegration. Hence the key parameter of interest, the price of risk, is very precisely
estimated. For a benchmark comparison, the three factor FF model has a cross-sectional R?
of 11% for these 15 assets.

The summary statistics illustrate an important point; portfolios with high (low) ¢; are
portfolios with high (low) average returns. That is, portfolios with higher long run covariance
with consumption have larger risk premia. To analyze this relationship further, we display
the extreme portfolio dividend growth rates and the smoothed consumption growth rate
in Figures 1-3. In accordance with the large estimated ’s, the winner and high book-to-
market portfolio dividend growth rates demonstrate a close relationship to the smoothed
consumption growth rate, generally falling during documented recessions and rising during
consumption booms. However, the loser portfolio dividend growth rates demonstrates strong
counter-cyclical movements. These plots suggest that the momentum and book-to-market
portfolios are sorting along macroeconomic exposures across firms. Capitalization-sorted
portfolios also demonstrate this pattern with respect to consumption, with the estimated
cash flow beta coefficient on small firms exceeding the large firms, but the difference is less

pronounced in accordance with the reduced size premium observed in more recent years.

The long run covariances between dividends and consumption, as measured by ¢; are

estimated with considerable error. This is not surprising, and in the univariate context
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Campbell and Mankiw (1987) highlight the great difficulties in precisely measuring the long
run response. The long run response of dividends to a unit standard deviation shock in
consumption is o,¢;. The proportion of the unconditional variance of dividend growth

2.2
o593

rates that can be accounted for by the variance of the long run response is T A
i,t z,t—l)

For the extreme looser portfolio (i.e, M1-2) that is about 3% and for the extreme winner
portfolio (i.e., M9-10) it is 15%. These small magnitudes indicate that most of the variation
in dividends is unrelated to consumption movements. The growth rate measures, ¢, are
also estimated with large standard errors. The associated low time-series R?’s suggest that
a significant portion of variation in dividend growth rates is unrelated to low frequency
movements in consumption growth. It is important to note that in both cases, the cross-
sectional price of risk \., is positive and estimated very precisely. Further, the cross-sectional
R? is in excess of 50%. Despite the time-series imprecision, our cash flow beta’s explain a

large portion of the differences in the risk premia across assets.

In section 4.3, we report detailed Monte Carlo evidence which provides additional insight
into our empirical evidence. In particular, we provide a finite sample empirical distribution
for A\, and the cross-sectional R?, when we assume that there is no relationship between
consumption, dividends, and expected returns. These distributions shows that our significant
estimates of )\, and high cross-sectional R? are very unlikely to be an outcome of such a
model; in other words, our cross-sectional estimates are very significant. In a second Monte
Carlo, we exploit our economic model directly, where dividends, consumption, and expected
returns are connected through the cash flow beta. In this experiment, the standard errors
on the cash flow beta’s will be large, comparable to those observed in the data, in finite
samples. However, the key parameters of interest, the cross-sectional R? and )., will be
very precisely estimated. Even in finite samples of 130 observations, there is little-to-no bias
in the estimate of the cash flow beta, hence these beta’s continue to provide very valuable
information regarding differences in mean returns. In general, the economic value of the
cash flow beta’s should be determined by their ability to explain cross-sectional differences
in measured risk premia. For comparison, market betas are estimated with precision in the
time-series; however, these betas provide little economic information regarding dispersion in

the mean returns across assets.
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4.2 Equity Risk Premia in the Cross-Section

In this section, we examine the relative performance of our cash flow beta model and standard
unconditional factor models, in explaining the cross-section of equity risk premia. To have
a larger number of cross-sectional observations we consider a finer sort of the portfolios
detailed above. We form 30 portfolios (10 size, 10 momentum, and 10 book-to-market);
summary statistics for these portfolios are presented in Table 2. As exhibited in the table,
this finer sort exhibits similar cross-sectional patterns in risk exposures and mean returns as

the quintile sort analyzed above.

4.2.1 Performance of Cash Flow Beta Model

We begin our exploration by examining the ability of our cash flow beta model presented
above to explain the cross-section of equity returns. The cross-sectional risk premia restric-
tion is stated in equation (13), with A\g and ). as the cross-sectional parameters of interest.”
Table 3 (Panel A) documents the cross-sectional performance of the cash flow model. The re-
sults show that the risk price is positive and significant— the estimated price of consumption
risk A is 0.167 (S.E. 0.053). Further, the adjusted R? is 51%, suggesting that the fundamen-
tal model can explain a considerable portion of the equity risk premia associated with this
set of portfolios. The estimated risk measures, ;, are reported in Table 4. This evidence
is depicted graphically in Figure 4, which plots the predicted expected returns against the
realized mean returns. As before, all estimation is conducted using one step GMM, hence
the uncertainty in estimating the cash flow bets’s are reflected in the standard errors of the
price of risk. Using cointegration to measure the cash flow betas produces results that are

very similar to our growth rate based risk measures.

A particular success of the model is that it is capable of explaining much of the variation
across momentum returns. This dimension is particularly challenging for the alternative
models considered. However, the model’s success is not limited to this dimension; the cor-
relation between the risk measures (¢;) and the average returns are 94% for momentum,
41% for size, and 71% for book-to-market. These results are particularly intriguing since

the model’s estimates of risk measures are based solely upon the relation between cash flows

9Note that in the case where the cash flow beta is estimated via the co-integration approach, based on
Engle and Granger (1987), we ignore the estimation error in estimating the superconsistent cash flow beta,

bi-
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and consumption.

In Table 4, we also show that the contemporaneous covariance between dividend growth
rats and consumption provides virtually no information regarding the cross-section of average
returns. These consumption beta’s, as documented in Table 4 (Panel B1), yield an insignif-
icant and negative price or risk and a zero cross-sectional R2. In contrast, dividend growth
covariance with smoothed 4 and 8 quarter consumption growth helps to explain a consider-
able portion of the cross sectional difference in risk premia. The evidence in Table 4 shows
that dividend growth rate covariances with moderate to long lags of consumption growth
contain valuable information regarding the cross-section of risk premia. This evidence, along
with the cointegration based estimates, indicates that dividend exposures to low frequency
movements in consumption is economically important for understanding differences in risk

premia across assets.!?

4.2.2 Performance of Unconditional Models

We continue our exploration by examining the ability of several standard unconditional
(constant) (3 representations to explain the cross-section of equity returns. Table 3 (Panel A)
documents the results of cross-sectional regressions in the context of standard unconditional
models: the C-CAPM, the CAPM, and Fama and French (1993) three factor model. The
tables report estimated risk prices, A, associated with each risk source. Since the GMM
estimation is performed in one step, standard errors (reported in the parentheses) reflect first
stage time-series estimation of risk exposures. The tables also report cross-sectional R*’s,
adjusted for degrees of freedom. To explore the ability of standard unconditional models
to explain the cross-section of equity returns, the factors explored are g;, the consumption
growth rate, R, , the excess return on the CRSP value-weighted index, Rgy 5+, the return
on the size factor from Fama and French (1993), and Ry, the return on the book-to-

market factor from Fama and French (1993).

The first model we consider is the consumption based C-CAPM, for which the associated

risk premium restriction is as follows:

E[Ri,t+1] = )\0 + ﬁgﬂ')\g (16)

0Daniel and Marshall (1997) argue that at longer horizons, a habits-based model can better justify the risk
premium on the (value-weighted) market portfolio and the risk free rate. They argue that the measurement
errors in consumption may be the reason for the poor performance of the model at shorter horizons.
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where ,; describes as asset’s exposure to aggregate consumption risk; for all models, the
betas are estimated using a standard time series regression of the portfolio return on the
fundamental risk factors. The estimated price of consumption risk, A,, is positive and
statistically significant, but the adjusted R? of 4.6% suggests that this model explains some,
but not a substantial portion of the cross-sectional variation in average returns. The inability
of the unconditional C-CAPM to explain the portfolio returns is depicted graphically in
Figure 4.

We next consider the static CAPM, where risk is embodied entirely in the portfolio re-
turn’s exposure to market risk. This model implies the following cross-sectional risk premium
restriction

E[Ri,t—i-l] = )‘0 + ﬁvw,i/\vw (17)

where (3,,; describes an asset’s exposure to market risk, and \,, describes the price of
market risk. As in previous studies, the estimate of \,, is negative and not statistically
significant. Further, the ability of the model to explain cross-sectional risk premia is limited,
as demonstrated in the relatively low adjusted R? of 3.0%. Again, the difficulty of the static
CAPM in explaining the cross-section of equity market returns is displayed graphically in

Figure 4.
Finally, we present results for the Fama and French three-factor model. The cross-

sectional risk premia restriction implied by this model is as follows:

E[R;i11] = Mo + Bow,irow + Bsmpirsvs + BumriAamL (18)

This model exhibits substantial improvement over the single-factor models in explaining
cross-sectional variation in returns, as the adjusted R? rises to 24.3%. However, with the
exception of the market risk premium, the model parameters are imprecisely estimated. A

graphical depiction of the model fit is provided in Figure 4.

4.3 Monte Carlo Analysis

As noted earlier, the cash flow beta’s are imprecisely measured in the time series even
though the key cross-sectional parameter, A., is estimated precisely, and cash flow beta’s

explain more that 50 % of the cross-sectional dispersion in expected returns. In this section,
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we discuss two Monte Carlo experiments that provide a finite sample empirical distribution
for the various parameters of interest. These experiments show that our empirical results

reflect economic content rather than some random chance.

We consider two Monte Carlo experiments. In the first experiment, we simulate 10,000
samples of 130 quarterly time series observations of aggregate consumption growth. This
experiment is termed the “Alternative” as it simulates under the alternative hypothesis that
our model is incorrect, assuming that the price of consumption risk and the cash flow beta’s,
@;, are zero. Consumption is modeled as an i.i.d. process g; 11 = p+n;41 with g = 0.0052 and,
on an annualized basis, ,, = 0.0090."" As in the empirical analysis above, we smooth the
resulting simulated consumption growth rates over eight quarters and project the observed

dividend growth rates on the resulting smoothed consumption growth, z;:
i1 — dig = [l + @iy + Mg (19)
and regress observed average returns on the resulting risk measures, ¢;:
Ri=Xo+ Aeps + 1 (20)

As in the empirical analysis, risk measures and risk premia are estimated in a single step
GMM procedure. Note that the population values of the ¢;’s are zero, and the population
value of A, is correspondingly also zero. Hence, this Monte Carlo experiment provides the
finite sample empirical distribution for )., the R? for the cross-sectional projection, and the

;s when the population values for all these quantities is zero.

The results of this experiment are presented in Table 5. The distribution of the estimates
of ; and their accompanying R? are presented in Panel A. The ¢;’s are estimated with con-
siderable error, but the distributions are centered at the population values. The distribution
for the price of risk parameter, \., and the cross-sectional adjusted R? are presented in Panel
B. This distribution for the risk price is essentially centered at zero (the population value),
and suggests that our point estimates in the data of 0.167, as well as the cross sectional R? of
51.0%, are in the right tail of the distribution. The empirical price of risk is above the 97.5%

critical value, whereas the empirical R? exceeds the 85% critical value. The experiment

1Tn untabulated results, we model consumption growth as an ARMA (1,1) process, gi11 = p + pxs +
(p — w)Ne41, with p = 0.730 and w = 0.404. The Monte Carlo results are materially unchanged under these
assumptions.
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suggests that the empirical results of the paper reflect economic content rather than random
chance. In an economy in which asset returns and dividend growth are independent of con-
sumption growth, the probability of observing the magnitudes of A, and the cross-sectional

R? that we find in the data are extremely low.

Our second Monte Carlo experiment assumes the null hypothesis that our model is cor-
rect. Again, we simulate 10,000 samples of 130 quarterly observations of a consumption
growth process. We assume that consumption growth follows an ARMA (1,1) process,
giv1 = 1+ pxry + (p — w)nr1, with g = 0.0052, and the annualized standard deviation
of the innovation, o, = 0.0082. The ARMA parameters are chosen to match empirical val-
ues; p = 0.730 and w = 0.404. The empirically estimated ¢; (reported in table 4) are used

to generate portfolio dividends:

~ ~

dig1 — dip = pi + Qiy + Mig (21)

where Z; represents an eight quarter moving average of the simulated consumption growth.
The vector of 1;’s and o,,’s are chosen to match the empirically observed mean and covariance
structure of dividends. The population R?’s for the time series regressions are reflective of
the very low R?’s that we observe. We then generate portfolio returns using expressions
(42) and (43) in the Appendix, with the preference parameters v and ¢ chosen to match
Ae = 0.167, as observed empirically. Resulting mean excess returns are regressed on the risk

measures:

~

Risk measures and risk premia are estimated in a single step via GMM.

We present the distribution of risk measures, risk premia, and cross-sectional adjusted
R? in Table 6. The distribution of the risk measures is presented in Panel A. The growth
rate based cash flow beta’s, ¢;, are measured without bias, matching their population values
on average, but are highly dispersed. As in the previous Monte Carlo experiment, the
bottom momentum decile portfolio displays a wide range of estimates of ;, ranging from a
10% critical value of -14.10 to a 90% critical value of 5.70. The large time series standard
errors we observe empirically are to be expected—the population variance of the residual is
very large (this mirrors what we document in Table 1) hence the time-series R2’s are very
low. The distribution of the price of risk parameter, )., predictably captures a downward

bias, as in a finite sample the beta’s are measured with sampling error. Hence, the mean
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value of A, is below its population value of 0.167. Note however, that the 95% range for
M. in finite samples is quite precise. The 2.5% critical value is about 0.09 and the 97.5%
critical value is 0.12. The typical hypothesis of interest that . equals zero would be sharply
rejected. Despite estimating the time-series dividend beta’s with large standard errors, the
cross-sectional dimension of the model will capture the truth—the price of risk parameter
will be significantly different from zero, and the cross-sectional R? will be far from zero. The
downward bias in estimating \. suggests that relative to our point estimate of 0.167 in the

data, the price of risk and the cross-sectional R? are likely to be higher.

Under the null of the cash flow beta model, we also consider one additional experiment.
Increasing the variance of the residual, 7,41, in finite samples induces greater estimation
error in the estimation of the cash flow betas. Hence, one can also ask at what magnitude
for the residual variance will make it virtually impossible to learn about the ¢'s is finite
samples,; so that A. is not significantly different from zero. Our evidence (not reported in
tables) suggest that in samples of 130 time-series observations, this occurs when the variance
of the dividend growth rates is approximately 4 times the observed quantities in the data.
Stated differently, in our data, one can still reliably learn about the relation between expected

returns and the cash flow beta’s—as we do in the data.

4.4 Discussion and Additional Robustness Checks

It is worth noting that standard consumption based models obtain the asset’s beta by pro-
jecting returns on the ex-post consumption growth in the time-series. As is well recognized
and reinforced above, this approach has considerable difficulty in explaining risk premia in
the cross-section. Hence, in the presence of measurement error, there is every reason to
believe that the standard return-based consumption betas will fail to capture the important
exposures facilitated by our regression methodology. For example, we find that the corre-
lation between the estimated consumption beta (using returns) and the growth rate based
exposures (;) is 0.21. Within the sorting dimensions, this correlation is 0.21 for momentum,
0.37 for size, and 0.64 for book-to-market. If there are considerable errors or other difficul-
ties in measuring the appropriate level of consumption (as argued in Campbell (1993)), then
indeed the usual consumption beta may be a poor estimate of the true consumption beta
that is needed to explain risk premia. Our measures of cash flow beta are fairly robust to

stationary measurement errors in consumption and dividends. As discussed earlier, stochas-
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tic cointegration relations are unaffected by stationary measurement error; further, even our
growth rate projections employing a moving average of consumption growth rates mitigate

the contaminating effects of mis-measuring consumption.

An additional possibility is that the one factor C-CAPM is simply misspecified. For
expositional ease, we have reported the economic model where there is a single shock. How-
ever, consumption may be made of many independent latent components. With Epstien-Zin
preferences, this would imply that return covariances with these individual components of

consumption, and not aggregate consumption per se, will determine risk premia.

What are the effects, if any, of using alternative weights to compute the long run growth
rate covariance and of using longer horizon covariances? At longer horizons, measurement
of covariances in small samples can be biased (see Campbell and Mankiw (1987), amongst
others). To explore this further, we have computed the covariances between dividend growth
rates and 8, 12, and 16 quarter consumption growth rates. To control for the potential biases,
we demean the one period growth rates of dividends and consumption, and measure the j
period covariance as the average of the cross-product of the demeaned consumption and
dividend growth rates using all 7' — j data. We compute the long run cash flow beta using
the Bartlett weighted (see Newey and West (1987)) K horizon covariances, and this long-run
covariance measure is divided by the variance of the K period consumption growth. Our
results based on this exercise are very similar to those reported above. In particular, over the
8, 12, and 16 quarter horizons, the estimated A. is 0.303, 0.265, and 0.175, respectively. The
associated cross-sectional R?’s are 48%, 49%, and 37%, respectively. Collectively, this further
corroborates our evidence. The covariance of dividend growth with long lags of consumption

growth contains important information about risk premia across assets.

An additional robustness check that we conduct is to explore these relationships with an
extension of our sample period to 1953. The data are available for the this longer sample
for the quintile portfolios (15 in all) for the three sorts used in the paper. Our results are
very similar to the more extensive quintile and decile portfolios reported and discussed for

the post 1967 sample.

Jagannathan and Wang (1996) highlight the importance of time-varying market beta’s
for explaining risk premia. Similarly, Lettau and Ludvigson (2001) highlight the importance
of time-varying consumption beta’s in explaining the cross-section of risk premia. This

paper highlights the importance of the link between consumption and dividends to explain
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the cross-section of risk premia, but we suspect that all these channels are important for

interpreting differences in risk premia across assets.

5 Conclusion

The idea that differences in exposures to sources of systematic risk should justify differences
in risk premia across assets is important to financial economics. We present a simple, parsi-
monious general equilibrium model, in which consumption betas directly mirror the exposure
of dividends to consumption (cash flow beta’s). We show that the measured consumption
exposure of dividends does quite well in terms of explaining cross-sectional differences in the
risk premia on 30 portfolios comprised of 10 size, 10 momentum, and 10 book-to-market
portfolios. We measure the cash flow beta of a given dividend stream by measuring the
covariance of dividend growth rates with long lags of consumption growth, and alternatively

as stochastic cointegration parameter between dividends and consumption.

The cash flow beta model can account for more that 50% of the cross-sectional differences
in risk premia across 30 assets, and the risk premium associated with the consumption risk is
positive and highly significant. This performance compares very favorably against standard
factor models. We find that the extreme loser and low book-to-market portfolio dividends
have low cash flow beta’s and low risk premia. In sharp contrast, the winner portfolio and
the high book-to-market portfolio have large positive cash flow beta’s and large positive
risk premia. We document that our specification can duplicate much of the value spread
(high book-to-market less low book-to-market), the momentum spread (winner firm less
looser firms), and the size spread (small firm less large firm return). We also provide finite
sample empirical distributions for the various key parameters, e.g. the price of consumption
risk. Our finite sample distribution for the economic parameters of interest corroborates our

evidence in the data.

Our overall empirical evidence suggests that dividend exposures to low frequency move-
ments in consumption provide very valuable information regarding the cross-sectional differ-
ences in risk premia. Assets which have large exposures to this non-diversifiable source of

risk also carry large risk premia.
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6 Appendix

We have defined preferences (Epstein-Zin) and consumption/aggregate cash flow dynam-
ics (ARIMA) for the economy. An equilibrium will then be a price function that, given
preferences and consumption dynamics, will clear the market. In order to move to this

equilibrium, we begin by noting that, by definition, the return on any asset is given by

1 P; i1
D41 Mijt+1
Ri,t+1 - P D (23>
: it
D¢

Let Giyy1 = DB—?ZI and Z;; = g‘t Campbell and Shiller (1988a) derive a Taylor series

approximation to (23), which is expressed in log form as

Titt1 = Rio T Ri1Zit+r1 — Zig + G+l (24)

where lowercase letters represent logs of their uppercase counterparts.'? Thus, the return on
any asset at time t 4+ 1 is a function of its price-dividend ratio at times ¢ and ¢ + 1, and the

growth rate in its cash flows.

6.1 Equilibrium

All asset returns in this endowment economy must satisfy the standard asset pricing condition
that
Ey[Mip1Rigia] =1 (26)

The log of the IMRS is labeled as m;.1. The one step ahead innovation in the log of the
IMRS is,
0
NMt+1 = —Eﬁtﬂ - (1 - e)nc,tJrl (27)

where 741 is the innovation in log aggregate consumption growth and 7,41 is the innovation

in the log return 7,41 (note, ro4+1 = In(R.441)). Risk premia are determined by computing

12,0 and k; 1 are constants from the Taylor series approximation:

exp(Z;)

—_— i =—1 i —(1— i 71‘ 25
R ki = ~lo(ica) — (1 k) (25)

Ri1 =
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an asset’s return covariance with the innovation in equation (27). It is well recognized that
Tett1 is endogenous to the model (see Cochrane and Hansen (1992), Campbell (2000)), and
the innovation 7,41, as shown below, depends only on the consumption growth innovation,
n+1- Hence, all risk premia are determined by the assets’ exposures to the uncertainty in

aggregate consumption.

To solve for the equilibrium, we conjecture that the log wealth consumption ratio, 2., is

linear in the state variable, x;:
et = AC,O + Ac,lxt (28)

Given our set-up Our the return on the portfolio that pays consumption and the IMRS are
joint log-normally distributed. We then observe that, as shown in Bansal and Yaron (2000),

we can solve for the coefficient A.; and A;, using the relationship
Ey lexp(myp1 +req1)] =1
and the fact that, for a normally distributed random variable X,
E [eX} _ EXI+3Var(X]
Aggregate consumption growth follows an ARMA(1,1) process as follows:

cr1— ¢ = g = (1= p)pic + pge + M1 — wi (29)
Tepr = (L= p)pz + pre + (p — W)Mes1 (30)

where x; is the expected consumption growth rate. Using the Epstein-Zin equilibrium pricing

restriction and the approximated definition of return:

Olno — %((1 — P)te + T + T4)
+(0)[Feo + Kea{Aco + Ac1 (1 — p)pte + pxi)} — Acop — Acaxs + (1 — p)ue + ) (31)

Isolate the terms related to the expected consumption growth, z;,

0
_E + (‘9) [lic,lAch - Ac,l + 1] = 0 (32)
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By solving for the coefficients, the solution for the log wealth consumption ratio is given by

1-1
Ay = ——4— 33
S g (33)
This implies the following for the innovations to the wealth portfolio return:
Tet+1 — E, [Tc,t+1] = MNet+1 = B (34)

where B. = 14 k.1(p — w)A.1. Given the solution for the log wealth consumption ratio, the
pricing kernel innovation can be rewritten solely as a function of the consumption growth

rate innovation:

7 6
ML = =t (1= O = _[_E — (1= 0)Be]ni11 = Bumie (35)
where By, = —[—% — (1 — 0)B.]. The geometric risk premium on any asset is given by
E, [Ti,t+1 - Tf,t] = COVy (—UM,t+17 Ti,t+1) - U@T(Ti,tﬂ)/Q (36)

Substituting the form of the solution coefficients, and converting to the arithmetic risk

premium yields

E; [Rise1 — Ry = Bi[Buoy) (37)
where the fundamental §; = “2Z. Note that By} = —[—% — (1 = 0)Bco;, is the

equilibrium market price of consumption risk.

6.2 Cash Flow Beta Model: Growth Rates

We specify the dynamics for asset-specific real log cash flow growth, g;+, in relation to the

expected growth rate of consumption, z;:
dz‘,t+1 - di,t = Git+1 = 0; + @iy + Nit+1 (38)
Given this specification, we conjecture that z;; is linear in the state variable, z;:

zip = Aio+ Ainzy (39)
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Using the solution for the log wealth consumption ratio and the approximated definition of
the return, we isolate the terms in the Epstein-Zin first order condition E; [exp(myi1 + 74441)]

= 1 related to the expected consumption growth, x;:

1
_E + Y; — Ai71[1 — li@lp] =0 (40)

The solution for the coefficient is given by

1

Vi — 3
Ay = I (41)
’ 1 —Kiip
As above, the arithmetic risk premium on any asset is given by
E;[Riss1 — Ry = Bi[Buoj) (42)
Since the return innovation is
Tite1 — Ei[riee] = 1 + ki1 Ai1(p — W)]es1 + Miesa,s (43)
it follows that the consumption beta of the asset
Bi =7+ Ki1Aii(p — w) (44)

6.3 Cash Flow Beta Model: Cointegration

To solve for individual equilibrium asset prices, we conjecture that z;; is linear in the state
variables, z; and €;
Zip = Ao+ Az + A o€y (45)

As with the log wealth consumption ratio, we can solve for the coefficients A;; and A; .

Asset dividend and aggregate consumption are stochastically cointegrated as follows:

iggr = i +0; - (L + 1) + dicryr + €01 (46)
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Taking the first difference, and substituting for the assumed consumption growth rate process
(4), it follows that

Git+1 = 03 + iy + PiMygr + €401 — €y (47)

where we assume
€1 = &i€ip + Ui (48)

Using the solution for the log wealth consumption ratio and the approximated definition of
the return, we isolate the terms in the Epstein-Zin first order condition E; [exp(my1 + 754+1)]

= 1 related to the expected consumption growth, x;,

—% + ¢ — Air[l — Kkiap] =0 (49)

Second, isolate the terms related to the asset specific cyclical component, ¢; ,
KigAip&i — Aip+&§—1=0 (50)

By solving for the coefficients, the solution for the log price dividend ratio is given by

bi — = &—1
A= — Y A= 51
- Ki1p 21— Kii&i (51)
From the equilibrium solution, the geometric risk premium on any asset is given by
Ey [Rise1 — Ry = Bi[Buoy) (52)

Substituting the solution for z; in to the expression for the ex-post return implies that the

return innovation is

Tigt1 — Eripa] = [0 + kinAig(p — w)|mgr + (1 + ki1 Ai2) i (53)

The asset’s beta is, §; = w Given the return innovation, it follows that

41

Bi = ¢i + Ki1Aii(p —w) (54)
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6.4 GMM Estimation

Let the true parameter vector be given by:

Wo=[ar o an B B N N (55)

where the (3; and A vectors are determined by the model specification.

Let R;; denote the return on the ith portfolio. There are N portfolios in total. The basic

regression that we run for each portfolio’s return is
Rigp1 — Rpy = i + Bifii1 + eipn (56)

for a vector of K risk factors, f;.;, determined by each model. fj; represents the realization
of factor k at time ¢, and [ indicates the sensitivity associated with risk factor k. e;; is
assumed to be conditionally mean independent of the risk factors fi;. We formulate the

following moment conditions to estimate the risk sensitivities (/5;’s):

E[ei,t—l—l] :OVZ::[,,N
E[ei,t+lft+l] =0V = 1, e ,N (57)

The fls are identified in the time series. We also identify the risk prices in the cross-

section by exploiting the following set of moment conditions:
ERiyt1—X—pAN=0Vi=1,...,N (58)

We can stack the sample counterparts to the moment conditions (57) and (58) as follows

(Hansen (1982)):

gr(¥) =7 > f(X,, ) (59)

This yields [N + N - K + (K +1)] parameters to be estimated with [N + N - K + N] moment
conditions, where N > K + 1. We construct an exactly identified system by setting linear
combinations of g7, an [N(K + 1) + N| x 1 vector, equal to zero. Specifically, we write the

moment conditions as

Argr =0 (60)
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Our choice of Ap, an [N(K + 1)+ N] x [N(K + 1) + (K + 1)] matrix, is designed to ensure
that the estimates are consistent with OLS.

I 0 0 - 0
Ay = N(E+1) UNE+1)x1 UN(K+1)x1 N(K+1)x1 (61)

On,n Inxi I e B
where In(x41) is the identity matrix, On(x11)x1 and 1y(x41)x1 denote column vectors of
zeros and ones, respectively, and ﬁk is an N x 1 vector of the estimated sensitivities to risk

factor k. We then estimate the parameters, W7, of the exactly identified system to ensure
that A%.gr(VUr) = 0. Based on Hansen (1982), we know that

VT (U7 — Bg) ~ N(0,(AD) ™ (ASA')(AD)™") (62)

where D is the gradient of the stacked moment conditions in equation (59), and S is the
variance-covariance matrix of the moment conditions, for which the sample counterpart is
estimated using Newey and West (1987) with 4 lags. Using larger number of lags makes no
significant difference to our results. The standard errors on the cointegration parameters ¢;,

were constructed using 8 Newey-West lags. Additional lags make no material difference.
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Table 1: Cross-Sectional Evidence: 15 Portfolios

Panel A: Summary Statistics

Returns Dividend Growth Cash Flow Beta’s
Portfolio Mean Std. Mean Std. wi S.E. ¢; S.E.
M1-2 0.48 13.01 -1.57 13.15 -2.65 5.50 -5.37 3.34
M3-4 1.65 9.81 -0.32 7.09 -0.79 3.93 -5.09 2.17
M5-6 1.71 8.45 0.15 6.30 2.03 230 -0.88 0.97
M7-8 2.42 8.21 0.93 7.85 5.78  3.79 0.08 1.70
M9-10 3.42 9.98 1.84 11.67 9.33 5.71 10.18 3.65
S1-2 2.47  13.12 0.37 4.20 1.87 2.25 0.37 2.36
S3-4 2.59 11.87 0.30 3.34 1.05 1.48 1.94 1.51
S5-6 2.54 10.76 0.35 2.97 2.00 1.30 1.14 1.63
S7-8 2.41  10.01 0.32 4.68 0.82 1.31 0.32 1.79
S9-10 2.21 8.11 0.13 1.60 1.34 0.55 -0.89 1.25
B1-2 2.15 9.93 0.19 3.68 -0.83 1.82 -1.11 1.45
B3-4 2.21 9.04 0.28 5.85 -0.23 2.41 -0.78  2.07
B5-6 2.18 7.85 0.16 2.83 0.60 1.19 -2.31 1.36
B7-8 2.53 8.21 0.55 2.84 2.07 1.22 3.59 1.11
B9-10 3.06 9.25 1.05 4.82 5.58 2.88 1.47  3.48

Panel B: Unconditional Models

Model Ao Ae R?

Cash Flow beta 1.947 0.172 0.584
(0.210)  (0.049)

Cash Flow beta(coint) 2.232 0.152 0.684
(0.097)  (0.027)

Panel A of Table 1 presents descriptive statistics (in percentages) for the 15 characteristic sorted quintile portfolios. Value-
weighted returns and log dividend growth rates are presented for portfolios formed on momentum (M), market capitalization
(S), and book-to-market ratio (B). M1-2 represents the lowest momentum (loser) quintile, S1-2 the lowest size (small firms)
quintile, and B1-2 the lowest book-to-market quintile. In the column labeled “Cash Flow Beta,” the relevant measure, ;, is
retrieved by performing the following regression:

Git41 = 0; + @it + €141

where g; ; denotes the cash flow growth rate for portfolio 7 at time ¢, and z; denotes a two-year smoothed growth rate of real
per capita consumption of nondurables and services at time t. To measure the cash flow beta parameter ¢; via stochastic
cointegration we first detrend the log consumption and dividend series by regressing the log level of consumption and dividends
on a constant and a time trend. The resulting de-trended time series, cj and dj, are then used to measure ¢;. More specifically,
we follow Stock and Watson (1993) and use dynamic least squares to estimate ¢;; that is we estimate ¢; via

K
di = pi + gicy + Z (kG + apAcf, ) + €t
k=1
with K = 4. Robust standard errors are provided in the columns next to the parameter estimates. Data are converted to real
using the PCE deflator. The data are sampled at the quarterly frequency, and cover the 3rd quarter 1967 through 4th quarter
1999. Panel B presents estimated risk premia and standard errors obtained from one-step GMM estimation of the risk measures

and the consumption risk premium as discussed in the appendix. Risk prices are expressed in quarterly percentage terms.
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Table 2: Summary Statistics

Returns Dividend Growth
Portfolio Mean Std.  Mean Std.
M1 -0.63 15.48 -2.84 20.35
M2 0.90 12.09 -1.14 12.09
M3 1.29 10.57 -0.73 10.48
M4 1.91 9.50 0.01 7.75
M5 1.59 8.62 0.05 8.56
M6 1.81 8.61 0.25 8.36
M7 2.27  8.63 0.76 9.70
M8 2.58 8.22 1.08 9.77
M9 3.18 9.38 1.83 11.73
M10 3.83 11.38 2.12 17.21
S1 2.46 13.53 0.49 5.73
S2 2.49 12.82 0.24 3.89
S3 2.62 12.07 0.29 4.96
S4 2.56 11.76 0.30 4.09
S5 2.76  11.13 0.52 5.21
S6 2.36 10.54 0.21 2.76
S7 2.48 10.43 0.47 3.70
S8 2.35 9.81 0.20 6.73
S9 2.21 8.97 0.19 4.10
S10 2.21 8.01 0.09 1.69
B1 2.00 10.53 0.15 4.49
B2 2.31 9.50 0.29 5.46
B3 237  9.31 0.47 8.03
B4 2.12 9.08 0.17 6.75
B5 1.98 7.96 -0.01 4.38
B6 2.43 8.09 0.40 3.00
B7 2.46 8.37 0.43 3.45
B8 2.62 8.41 0.64 3.82
B9 2.99 8.88 1.08 4.12
B10 3.19 10.49 1.00 8.60

Table 2 presents descriptive statistics (in percentages) for the 30 characteristic sorted decile portfolios.
Value-weighted returns and log dividend growth rates are presented for portfolios formed on momentum
(M), market capitalization (S), and book-to-market ratio (B). M1 represents the lowest momentum (loser)
decile, S1 the lowest size (small firms) decile, and B1 the lowest book-to-market decile. Data are converted

to real using the PCE deflator. The data are sampled at the quarterly frequency, and cover the 3rd quarter

1967 through 4th quarter 1999.
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Table 3: Cross-Sectional Evidence: 30 Portfolios

Model /\0 )\c )\g /\vw /\SJMB /\HML R2

Cash Flow Beta 1.908 0.167 0.510
(0.231)  (0.053)

Cash Flow Beta(Coint)  2.207 0.141 0.574
(0.101) (0.032)

CCAPM 1.564 0.212 0.046
(0.383) (0.074)

CAPM 3.548 -1.221 0.030
(1.620) (1.673)

3-Factor 9.060 -6.694 0.004 -0.128  0.243
(3.237) (3.286) (0.251) (0.883)

Table 3 presents results for cross-sectional regressions, utilizing a set of 30 portfolios (10 size, 10 momentum,
and 10 book-to-market). Parameter estimates and robust standard errors are obtained in a single step
via GMM as discussed in the appendix. The factors utilized in the analysis are: 1) The 2-year smoothed
growth rate of log real per capita consumption of nondurables and services, ¢, 2) Log rate of change in
real per capita consumption, g, 3) The value-weighted CRSP index return, vw, 4) The excess return on a
portfolio of low market capitalization stocks over high market capitalization stocks, SM B, and 5) The excess
return on a portfolio of high book-to-market ratio stocks over a portfolio of low book-to-market ratio stocks,
HML, and R? represents the regression R? adjusted for degrees of freedom. Risk prices are expressed in
quarterly percentage terms. The data cover the period 1967.3-1999.4, and are converted to real using the
PCE deflator.
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Table 4: Smoothed Growth Rate Risk Measures

Portfolio Quarter:1 4 8
M1 -2.83 -3.97 -4.04
M2 291 1.59 -1.68
M3 1.58 0.34 -0.85
M4 1.58 -0.66 -0.25
M5 323 399 041
M6 0.62 0.72 3.32
M7 1.25 4.51 5.14
M8 -3.84 0.88 6.57
M9 -2.33  6.17  8.86
M10 -1.63  4.66 10.80
S1 2.18 325 1.57
S2 1.58 3.14 2.98
S3 0.93 2.57 0.89
S4 0.74 143 1.44
S5 -0.01  1.99 1.54
S6 1.30 253 233
S7 0.63 1.74 1.72
S8 0.06 -0.90 0.27
S9 0.34 197 1.03
S10 0.29 1.08 1.40
B1 1.30 240  4.00
B2 -1.34  -3.50 -3.54
B3 0.43 2.65 0.38
B4 -0.38 -1.40 -1.16
B5 -145 -1.23 -0.31
B6 -0.30  0.29 1.78
B7 -0.89 -0.23  0.96
B8 1.78 413  3.69
B9 0.79 395 5.15
B10 1.87 645 8.04
Panel B1: One Quarter Panel B2: Four Quarters
Ao Ae R? Ao Ae R?
2.264  -0.022 -0.033 1.940 0.188  0.341
(0.238) (0.127) (0.259) (0.078)

Table 4 presents risk measures and results for cross-sectional regressions, utilizing a set of 30 decile portfolios

(10 momentum (M), 10 size (S), and 10 book-to-market

(B)). M1 represents the lowest momentum (loser)

decile, S1 the lowest size (small firms) decile, and B1 the lowest book-to-market decile. Parameter estimates

and robust standard errors are obtained from a one-step GMM regression as discussed in the appendix. The

factor utilized in the analysis is the log rate of change in real per capita consumption, g. Cash flow growth

rates are regressed on one-quarter consumption growth (Panel B1), smoothed 4 quarters consumption growth

(Panel B2), and smoothed 8 quarters consumption growth (as in Table 3). R? represents the regression R?

adjusted for degrees of freedom. Risk prices are expressed in quarterly percentage terms. The data cover
the period 1967.3-1999.4, and are converted to real using the PCE deflator.
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Figure 1: Momentum Portfolios

- |oser Portfolio
+ Consumption Growth (M.A.)

| | |
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I
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| | | | |
1970 1975 1980 1985 1990 1995 2000
Date

The figure presents the dividend growth series for the top and bottom momentum quintile portfolios, as
well as the trailing eight quarter moving average of consumption growth. ¢; refers to the regression slope
coefficient from regressing the dividend growth rate series on the trailing eight quarter moving average of

consumption growth.
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Figure 2: Capitalization Portfolios

- Small Cap Portfolio
B v Consumption Growth (M.A.)

| | |
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I I
— Large Cap Portfolio
Consumption Growth (M.A.)
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1970 1975 1980 1985 1990 1995 2000
Date

The figure presents the dividend growth series for the top and bottom capitalization quintile portfolios, as

well as the trailing eight quarter moving average of consumption growth. ¢; refers to the regression slope

coefficient from regressing the dividend growth rate series on the trailing eight quarter moving average of

consumption growth.
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Figure 3: Book-to-Market Portfolios

I I
- Low B/M Portfolio
+ Consumption Growth (M.A.)

| | |
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I I
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Consumption Growth (M.A.)
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1970 1975 1980 1985 1990 1995 2000
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The figure presents the dividend growth series for the top and bottom book-to-market quintile portfolios, as
well as the trailing eight quarter moving average of consumption growth. ¢; refers to the regression slope
coefficient from regressing the dividend growth rate series on the trailing eight quarter moving average of

consumption growth.
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Figure 4: Scatterplots: Unconditional Models
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The figure presents scatterplots for the unconditional models estimated in the paper. The fitted expected

returns are plotted against mean realized returns.
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