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Introduction

How does the riskiness of equity returns change with investment horizon? We show that at
long horizons risks are dominated by long run consumption risks in dividends, while at short
horizons, additional price risks may also matter. The cointegrating relation between dividends
and consumption measures long-run covariance consumption risks in dividends. We show that
this cointegrating relation has important conceptual and empirical implications for the risks
at all horizons. Empirically, we document that consumption asset betas determined by the
cointegration based vector-autoregression (EC-VAR) can very well account for the mean equity
returns in the cross-section at both short and long horizons. This is not the case when the
cointegration restriction, as is traditionally done, is ignored. Hence, our evidence underscores
the economic importance of the cointegrating relation in understanding sources of risks and

explaining equity risk premia across all investment horizons.

Our focus on the cointegrating relation is motivated by Bansal and Yaron (2004), Bansal,
Dittmar, and Lundblad (2001, 2005), Hansen, Heaton, and Li (2005), and Bansal, Gallant,
and Tauchen (2005) who show that long run risks can be important in explaining risk premia.
Cointegration, as made clear by the representation theorem of Granger and Engle (1987),
has sharp implications for predictability. In the context of dividends and consumption, the
representation theorem implies that the deviation of the level of dividends from consumption
(the error-correction variable) is important for predicting dividend growth rates and returns
at all horizons. As the error-correction variable alters the information set used to predict
future returns, it also significantly influences the return innovation and, hence, the conditional

consumption betas.

The empirical literature frequently imposes the implicit assumption of no cointegration by
modeling returns with a standard vector autoregression (VAR). We show that this traditional

approach leads to a significant deterioration in the ability of consumption-based models to



explain risk premia at both short and long horizons relative the the cointegration-based
specification. In this “standard VAR”, consumption and dividend growth rates are stationary,
however the levels of consumption and dividends are not cointegrated. Deviations of dividends
from consumption contain a unit root and, thus, the two series can drift far apart — there
is no error-correction mechanism, which ties dividends and consumption together in the long
run. Cointegration, and the implied EC-VAR framework, ties these two series together in the
long run; for this reason, the error-correction term can be quite important for predicting future
returns and growth rates. The inclusion of the error-correcting mechanism can significantly
alter the transition dynamics of returns and asset betas relative to the standard growth-rate

based VAR specification.

We first document that the error-correction term in the dividend-consumption cointegrating
relation contains important information for predicting future dividend growth and returns.
Imposing cointegration, we are able to predict on average 11.5% of the variation in one-year
returns, compared to 7.5% when we do not impose cointegration. This difference is even starker
at longer horizons: at the 10-year horizon, the EC-VAR specification results in an average 44.0%
adjusted R?, compared to 9.9% for the standard growth-rate VAR specification. That is, at
longer horizons, we are able to predict far more variation in returns using the cointegration
specification than when we do not impose cointegration on the return dynamics. This
predictability evidence suggests that cointegration has important implications for measuring

return innovations and, consequently, conditional consumption betas.

Using the EC-VAR, we find that the cointegrating relation indeed significantly influences
the conditional consumption betas and resulting prices of risk at all investment horizons. The
estimated market price of consumption risks is always positive and significant. For example, at
the short horizon, the market price of risk is 1.19 (SE=0.41); at the long horizon, it continues
to be highly significant of 0.72 (SE=0.25). Our conditional consumption betas account for

about 75% of the cross-sectional variation in risk premia at the one-year horizon, and are able



to explain over 85% of the the cross-section of mean returns at long horizons. In contrast,
VAR models traditionally used in the literature ignore the cointegrating relation in measuring
conditional betas and, hence, are unable to account for the differences in risk premia across
assets. The unconditional consumption CAPM also fails to explain the variation in average
returns across assets. To confirm our findings we conduct a series of Monte Carlo experiments

and show that our empirical evidence is statistically significant and robust.

The unique dimension of our paper is to show that after accounting for the long-run
relation between dividends and consumption, conditional consumption betas contain important
information about risk premia at all investment horizons. At long horizons, transitory risks
vanish and only long-run risks drive risk compensations. Our approach, therefore, allows us to
analyze the size of the compensation for long-run versus transitory risks in accounting for risk
premia. Quantitatively, we find that long-run consumption risks are the dominant source of
risk premia at all investment horizons. Conceptually, we provide a framework for linking the
cointegration parameter to the conditional consumption betas by horizon and show that they
can explain the cross-sectional variation in expected returns at both short and long horizons.
Earlier work has pursued a very different approach to account for the cross-sectional variation in
short-horizon (one period) returns. In particular, Bansal, Dittmar, and Lundblad (2001, 2005)
and Hansen, Heaton, and Li (2005) focus on cash-flow betas and inquire if these betas can
account for short horizon expected returns. Parker and Julliard (2005) measures covariance
risk between current returns and future consumption, while Lettau and Ludvigson (2001) and
Jagannathan and Wang (1996) rely on time-varying betas to justify the cross-sectional pattern

in one period expected returns.

A rich array of specifications for dividends have been used in earlier asset pricing models.
In Campbell and Cochrane (1999), and Bansal and Yaron (2004) models, consumption and
dividend growth rates have the same unconditional mean but are not cointegrated. Cochrane,

Longstaff, and Santa-Clara (2006) develop a theoretical model where the average growth rates



of aggregate dividends differ across sectors and analyze the implications for risk premia. Menzly,
Santos, and Veronesi (2004) consider a specification where dividends and consumption across
all sectors have unit cointegration, while Bansal, Dittmar, and Lundblad (2001) and Hansen,
Heaton, and Li (2005) entertain specifications that permit heterogeneity in the cointegrating
relation between dividends and consumption. The economic implications of these alternative
specifications of dividends for the risk-return relation are empirically evaluated in this paper. As
stated above, the heterogeneity in the cointegrating relation is found to be empirically important
for understanding risk premia across assets at all investment horizons. Specifications which do
not allow for this heterogeneity are not supported in the data. The empirical evidence in this
paper, therefore, suggests that developing dynamic models that permit heterogeneity in the

cointegrating relation would be very valuable.

The rest of the paper is organized as follows. In Section 1, we discuss a brief and simple
theoretical framework and present our econometric specification for return dynamics. Section
2 describes the data. Section 3 contains the results of our empirical analysis. Monte Carlo
evidence that supports our data findings is discussed in Section 4. Finally, Section 5 provides

concluding remarks.

1 Cointegration and Risk Premia

In this section, we discuss a simple theoretical framework that we employ and implications
of cointegration for risk measures and risk premia. Throughout our discussion, we utilize a
Taylor series approximation for log returns (see Campbell and Shiller (1988)). Let z;, = p; — d;

represent the log of the price-dividend ratio. The return approximation is given by

Tip1 = Ko + depr — dp + K121 — 2, (1)



where the log-linearization constants k¢ and k, are,

exp(3)
1+ exp(z)’

ko = log(l+exp(2)) — KiZ,

and Z is the mean of the log price-dividend ratio. Using Az; s = 245 — 24, equation (1) also
implies

rev1 = ko + Adpr + Azppr + (K1 — 1) 241 (3)

We further assume that the log price-dividend ratio, z;, and dividend growth rates, Ad;1,
are covariance stationary processes. To model long-horizon returns, it is useful to define the
summed level of the price-dividend ratio as z;11 415 = 25':1 2144, the accumulated change in
it as Azpi1 s = Zpr114s — Zt—tes—1, and accumulated s-period growth rate as Adyy1 115 =
22:1 Ad;; ;. Using the return expression (3), it follows that s-horizon compounded return,

Tiilotrs = ijl T+, is completely characterized by these three components.

1.1 Risk Premia

We assume, as in Lucas (1978), that a representative agent prices assets across various
investment horizons. The Euler equation associated with this agent will therefore determine
the risk-return relation at all horizons. To keep the analysis simple, we further assume
that the representative agent’s preferences are characterized by the standard power utility
of aggregate consumption. Hence, the log of the one-step-ahead stochastic discount factor
is my = In(p) — vAc;, where Ac; is the growth rate of log aggregate consumption, v is the

parameter of risk aversion, and o determines time preferences. The standard asset pricing



condition for any horizon s is,

E, [eXp(mt+1_>t+s + Tt+1—>t+s>] =1, (4)

where M1 ¢4 = Z;:1 myy;. We assume that the log of the stochastic discount factor and log
returns are jointly conditionally normal and homoskedastic, and Ac, is a covariance stationary
process. Our preference and distributional assumptions are similar to those used by Hansen

and Singleton (1983).!

Let m41 = Acyyr — Ey[Acii1] be the one-step ahead innovation in consumption growth
and 7;.1_.4+s be the innovation in the cumulative growth in consumption, Ac; 1 .41s. The
conditional variance of the cumulative consumption growth corresponds to the variance of this
s-period innovation, which we denote as ais. Similarly, 7, ¢4+1-¢+s is the innovation in s-horizon
return, ry 1 sis, 072,78 denotes its conditional variance, and Cov [N41 14, Mrt+1—t+s) corresponds
to the conditional covariance between consumption and return innovations for horizon s.
Given our distributional assumption of homoscedasticity, all conditional second moments are
constants. The asset pricing condition in eq.(4) along with distributional assumptions implies

that the conditional expected return at any horizon s is given by,

1
SE [Tt + 0.507, — sr,{s] = 7 Co (Mt 1—ttss M1 tts)
_ 1 7 o2 Cov [nt+lﬂt+sanr,t+1ﬂt+s] (5)
= >\s ﬁsa
o . . . 1 9
where 7; . is the yield on an s-period discount bond known at date t. A, = - v 0., is
? S )

Tt is straightforward to extend the presented framework to a more general framework such as in Bansal and
Yaron (2004). This, however, would entail estimation of a larger set of parameters in the cross-section of assets.
To avoid this, we confine our attention to the case of power utility, which is sufficient for addressing questions
about the cross-sectional dispersion in mean returns that are the focus of this paper.



the price of risk that is determined by the agent’s risk aversion and the conditional variance
of consumption growth for the corresponding investment horizon, and s is the conditional
consumption risk measure for horizon s. We scale expression (5) by s to ensure that moments

exist and to provide the interpretation of the risk premium as per unit of time.

The expected return is obtained by taking unconditional expectations of (5). Let u, be the

one-period-ahead geometric mean return,

0-5‘73,3

1
E {gEt |:Tt+1—>t+s + 0.50'72,58]} = Uy + = E[T{’S] + ﬁs/\s' (6)

As shown in expression (6), expected returns per unit of time are determined by the the market

price of horizon risk, A, and the horizon-dependent beta, f.

If returns are Gaussian i.i.d. processes, then conditional expected returns per unit time

at all horizons will be identical, as o7, = soz,. On the other hand, if there is predictable

78

2

7,8

2

variation in returns, then o, need not equal so;,, leading to variation in expected returns

per unit time across different investment horizons. Below we provide an empirical method for

2

r,8)

measuring o ., which allows us to construct expected returns at various horizons.

1.2 Betas by Horizon

The return expression (3) implies that the innovation in s-horizon return is determined by the
innovations to Adit1—i4s, Azip1+s and 2441445, Which we respectively denote as 14145,
Nazt+1—t+s and 1, 411445 The covariance of these components with consumption growth will
determine the overall risk compensation. Specifically, note that the asset beta, (s, can be

expressed as the sum of three covariances:

8, = Cov (77t+1ﬂt+s, nd,t+1—>t+s> 1 Cov (nt+lﬂt+57 'f]Az,tHHHs) (7)
. =
02 o2



Cov (nt+1—>t+87 77z,t+1—>t+s)
2
Uc,s

+ (k1 —1)

I

which we write compactly as,

55 = [ﬁd,s + 5Az,s + ("fl - 1)52,8] (8)

Thus, the asset beta is determined by risks in both dividend growth rates and price-dividend
ratios. We refer to the first component, (345, as the cash-flow beta, Ba. s as the price change
beta, and 3., as the level beta associated with the risk in the cumulative price-dividend ratio.
Equation (8) suggests that the joint dynamics of consumption growth, dividend growth, and
price-dividend ratios contribute to the determination of assets’ risk. We discuss the implications

of modeling these dynamics in the next section.

The expression for risk exposures (equation (8)) also suggests that risks faced by a long-
run investor are quite different than those faced by a single-period investor. While at short
horizons, transitory movements in price-dividend ratios may be important, their contribution
to asset betas and risk compensations is virtually washed out in the long run. As the change
in the price-dividend ratio represents a change in a stationary variable, its covariance with
consumption growth (see the second term in eq.(7)) is gradually swamped by the variance of
the cumulative growth in consumption; in the limit (i.e., as s = 00), fa.s = 0. Further, as
the approximation parameter r; is close to one,? the final term in expression (8), (k1 — 1),
is quite close to zero. Consequently, for a long-run investor, an asset’s risk is dominated by
the long-run covariance risk in dividends, which the cointegration parameter between dividends

and aggregate consumption measures. In particular, as the investment horizon increases,

hms—»ooﬁs = 5l7” =0+ (/{1 - l)ﬁz,lr (9)

2In the data, the value of the log-linearization parameter, %1, varies between 0.96 and 0.99.
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where § is the parameter of cointegration between dividends and consumption (see equation
(19) below). In our empirical work, we show that the long-run risk measure § has important

information about expected returns at short horizons as well.

1.3 Cointegration Specification

A number of recent papers (e.g., Bansal, Dittmar, and Lundblad (2001) and Hansen, Heaton,
and Li (2005)) suggest that consumption and dividends are stochastically cointegrated (see
Campbell and Perron (1991)). In this section, we examine the implications of cointegration for

the calculation of the risk measures outlined in the preceding section.

We focus on the per-share dividends series traditionally used in the literature. Dividends

per share are constructed as follows. The total return per dollar invested is

Rin = Hipy + Y, (10)

where H,,, is the price appreciation and Y;,; is the dividend yield. The level of dividends per

share and the price per share can then be computed as

Dy = YV, (11)

Visn = HyaVi,

given V, which equals the price per share of portfolio at the initiation date. Note that the
present value of dividends per share is price per share. These dividend series correspond to the
series commonly used in empirical work, as in Campbell and Shiller (1988), Bansal, Dittmar,

and Lundblad (2005), Hansen, Heaton, and Li (2005) amongst others.

If two non-stationary variables are cointegrated, a linear combination of the variables is

11



stationary. We express the relation between two such variables, dividends and consumption, as

di =70+ T7t+0 ¢t + €ay, (12)

where the level of dividends and consumption in logs is d; and ¢; respectively and Eleq] = 0.
From equation (12) it also follows that 7 = ug — 0., where u, and pg are the average growth of
consumption and dividends respectively. Substituting for 7, the above equation can equivalently
be stated as

dy — pg t =19+ 0(ct — pie t) + €a (13)

That is, the cointegration parameter d can be estimated via the projection of deterministically
de-trended dividends on de-trended consumption (as in Bansal, Dittmar, and Lundblad (2001)).
The Granger and Engle (1987) representation theorem states that the error-correction variable,
€a, will forecast future dividend growth rates, and consequently, perhaps returns. As we show
below, this predictability has important implications for the calculations of risk measures in

standard models.

Several features of our cointegration specification are worthy of further discussion. In
particular, the specification in (12) includes a time trend and the cointegration parameter, ¢, is
unrestricted as in Bansal, Dittmar, and Lundblad (2001) — we refer to this as our “preferred
specification”. Hansen, Heaton, and Li (2005) also entertain a specification with 7 = 0 and
unrestricted 9, and another with 7 unrestricted while ¢ is restricted to one, while Menzly,
Santos, and Veronesi (2004) consider a specification with 7 = 0 and 6 = 1 parameter. In our
empirical analysis, we consider and discuss the implications of these alternative specifications

as well.

It is important to note that it is not time trend but the cross-sectional heterogeneity in ¢

that is important for capturing differences in risks across assets. Note, without the time trend

12



in equation (12) the cointegration parameter simply equals the ratio of average dividend growth
to average growth in aggregate consumption (see Hamilton (1994)). In this case, cross-sectional
differences in §’s will tautologically reflect differences in average dividend growth (and average
capital gains) and, therefore, average ex-post returns. Including the time trend purges the
effect of mean growth rates in dividends on the cointegration parameter, and ensures that long-
run risk measures do not mechanically replicate cross-sectional differences in ex-post average

returns.

1.4 Deriving Mean Returns and Betas by Horizon

This section provides the details for estimating assets’ consumption betas for different
investment horizons. We first estimate the cointegrating relation (12) between dividends and
consumption via OLS, that is by regressing the de-trended portfolio’s cash flows onto the
stochastic trend in consumption. Using the resulting cointegrating residual, €;;, we model its
dynamics jointly with the portfolio’s price-dividend ratio, z;, and consumption growth, Ac;, via

the first-order error-correction VAR (EC-VAR) structure:

Xt = AXt_l + Gut, (14)

where X/ = (Ac; eqr 2z Ady Az), Aisab x5 matrix of coefficients, G is a 5 x 3 matrix,
and u is a three by one matrix of shocks, uj, = (m 7y 77Z7t).3 All the variables are de-
meaned throughout our discussion. While details of the EC-VAR specification are provided in
the Appendix, below we highlight some of its salient features. The first three variables form
the basis of the EC-VAR process. The last two variables provide no additional information;

they are included into the EC-VAR to facilitate the description and discussion of consumption

3We have also considered specifications that include more lags in the vector error-correction model. As this
does not materially change the results, we only report evidence based on the first-order EC-VAR.
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betas by horizon. The dynamics of Ad; and Az; are derived from the dynamics of the first

three variables by exploiting Ad, = Aegy + 0Ac;, and Az = 2, — 21

Note that the EC-VAR specification reduces to the standard growth-rate based VAR if
the error-correction term, €4, is excluded from the set of variables that predict future growth
rates and returns. In this “standard VAR”, ¢; and d; are each integrated, that is, the growth
rates of consumption and dividends are stationary; however, ¢; and d; are not cointegrated.
Thus, deviations of dividends from consumption contain a unit root and these two series can
arbitrarily drift far apart — there is no error-correction mechanism which ties dividends and
consumption together in the long run. Cointegration, and the implied EC-VAR framework,
ties the long-run dynamics of the two series together. For this reason the error-correction term,
€4t, can be quite important for predicting future dividend growth rates and returns and its
inclusion can significantly alter the transition dynamics of returns. In sum, there can be large
differences between the standard VAR and the EC-VAR implications for risks measures and

expected returns, which we subsequently highlight in our empirical work.

Using the recursive structure of the EC-VAR, we can compute the conditional variance of

2
c,s)

2

T and the conditional beta,

returns, o, the conditional variance of consumption growth, o
fs, for any given horizon s. Specifically, let B; = B;—1 + A7™', j =1,2,..., and By = 0. The
horizon-s covariance matrix of the above variables satisfies the recursion

S = B,X.B. + % (15)

s—1»

where ¥, = GX,G’, and £ = 0. As s increases, X¥ grows without a bound; hence we consider

3* o . . . .
s = ==. In the long-run limit, this covariance matrix becomes:

S =1 — A" [T — A7 (16)
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Details of the derivation of the covariance matrix are provided in the Appendix.

The s-period covariance matrix, >, allows us to calculate the s-period beta of an asset
using the appropriate covariance and variance terms. For a given horizon s, the covariance risk

in the asset is

1.5 $(1,3)
Bs = L) oS ¢ (k1 = 1)25(1,1)’ (17)

where ¥(i,7) is the (i,j)-element of the covariance matrix ¥;. Note that computations
in equation (17) correspond to various components in equation (8). In particular, the first
component corresponds to the cash-flow risk, 3, ,, the second component, 3. s, corresponds to

the price change risk, and 3, s corresponds to the level risk.

There are several implications of expression (17) that are worthy of note. First, the
cointegration parameter will be an important determinant of the asset’s risk at any investment
horizon. To illustrate this point, consider the beta for one-period investment. Given the

equation above,

B =0 + |X1(1,2) + Xi(1,5) + (k1 — 1)Xi(1,3)] Zy(1,1)7" (18)

Notice that the cointegration parameter is one of the four components of the consumption
beta at the one-period horizon. Further, the presence of cointegration not only alters betas
directly (via the first term), it also alters the beta through the other terms (via its impact
on the transition matrices A and G). Thus, the parameter of cointegration that reflects long-
run consumption risks in the asset’s cash flows is an important determinant of the risk-return

relation at all investment horizons.

At long horizons, cash-flow cointegration risks are especially important. As noted above,
variation in transitory components in returns die out in the long run. Thus, variation in the

error-correction term and the growth in the price-dividend ratio will vanish in the limit. This

15



means that, in the long run, Ir, the beta will become

B =0+ (k1 — 1)21(1,3)%,(1,1)7, (19)

That is, the beta becomes the cointegration parameter plus a term related to the accumulated

price-dividend level risk.

Expression (17) characterizes conditional consumption betas by horizon and highlights
important implications of the cointegrating relation for risk measures. For example, when ¢ is
assumed to be one, as in Menzly, Santos, and Veronesi (2004), the cross-sectional dispersion in
betas will be significantly reduced at both short and long horizons. Further, when cointegration
is not imposed, €4 is not a predictive variable for dividend growth rates and returns, and the
permanent term ¢ is absent from the term structure of betas. This predictive power is an
empirical consideration which we investigate below.

The profile of expected returns by horizon can be read from the above EC-VAR specification

o7

=%, to the mean log return.

by adding half the variance on return innovation for a given horizon,
We use betas and mean returns by horizon, implied by the EC-VAR dynamics, to analyze
the cross-sectional relation in risk and return at various investment horizons. Specifically, we

investigate the relation by considering cross-sectional regressions for different horizons s,

0.2

E |:Ti + 05&] = Ao, + A sfis (20)
s

Evidence on the sources of betas at various horizons and the explanatory power of these betas

for the cross-section of mean returns is presented in Section 3.
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2 Data

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 and book-to-market ratio. Our rationale for examining portfolios
sorted on these characteristics is that size and book-to-market based sorts are the basis for
factor models used in Fama and French (1993) to explain the risk premia on other assets.
Consequently, understanding the risk premia on these assets is an economically important step

toward understanding the risk compensation of a wider array of assets.

We construct the set of portfolios formed on the basis of market capitalization by ranking
all firms covered by CRSP on the basis of their market capitalization at the end of June of
each year using NYSE capitalization breakpoints. We form annual returns on these portfolios
over the period 1929 through 2002. In Table 1, we present means and standard deviations of
market value-weighted returns for size decile portfolios. The data evidence a substantial size
premium over the sample period; the mean real annual return on the lowest decile firms is

13.45%, contrasted with a return of 7.58% for the highest decile.

Book-to-market portfolios are formed by ranking firms on their book-to-market ratios as
of the end of June of each year using NYSE book-to-market breakpoints. Book values are
computed using Moody’s data prior to 1955 and Compustat data in the post-1955 period. The
book-to-market ratio at year t 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. Average value-weighted portfolio returns
are also presented in Table 1. The data evidence a book-to-market spread of similar magnitude
to the size spread; the highest book-to-market firms earn average real annual returns of 13.37%,

whereas the lowest book-to-market firms average 7.01%.

We utilize the dividends paid on these value-weighted portfolios to explore the relations

17



between portfolio cash flows and consumption. Our construction of the dividend series is
standard; details of the construction can be found in Campbell and Shiller (1988) and Bansal,
Dittmar, and Lundblad (2005). We construct the level of cash dividends per share, Dy, for the
size and book-to-market portfolios on a monthly basis as described above. From this series, we
construct the annual levels of dividends by summing the cash flows within the year. These series
are converted to real by the personal consumption deflator. Log growth rates are constructed by
taking the log first difference of the cash-flow series. Summary statistics for the cash dividend
growth rates of the portfolios under consideration are presented in Table 1. Earlier work shows

that alternative measures of dividends, such as including repurchases, do not affect the results.*

3 Empirical Results

In this section, we investigate the implications of the preceding framework for the measurement
of assets’ risks. We first analyze the cointegration of assets’ dividends with consumption and
investigate the implications of the cointegrating relation for the predictability of assets’ growth
rates and returns. We then compute the profile of consumption betas and expected returns
for different investment horizons, implied by our EC-VAR framework, and analyze the cross-

sectional implications of the model.

3.1 Cointegration Evidence

In Table 2, we present point estimates of the cointegration parameters between portfolios’
cash flows and consumption, the sample autocorrelation functions (ACF) of the cointegrating

residuals, and unit root tests of the stationarity of the cointegrating residuals. As discussed

4Bansal, Dittmar, and Lundblad (2005)) show that alternative dividend measures, which include share
repurchases do not make a big difference to their cash-flow risk measures. We find the same is true for the
empirical evidence in this paper.
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earlier, we estimate cointegration parameters via OLS by regressing the deterministically de-
trended dividends on de-trended consumption. We first note that, for the majority of portfolios
analyzed, the sample autocorrelations of the resulting cointegrating residuals exhibit a relatively
rapid decline. This supports our assumption that the long-run dynamics of portfolios’ dividends
and aggregate consumption are governed by the same permanent component that can be
eliminated by the appropriate linear combination of the levels. In addition, large cross-sectional
variation in the estimated cointegration parameters, presented in the first column, suggests that
assets’ cash flows differ in their exposures to this low-frequency component. The unit root tests
suggest cointegration in 10 of the 20 portfolios, and a number of portfolios’ test statistics are
close to the Mackinnon critical value of -3.59. Because of the low power of this test in samples
of the size that we analyze (74 observations), we conclude that the results in the table provide

reasonable support for the cointegration specification.

We now examine the point estimates of the cointegration parameters more closely. Note
that for the size portfolios, the parameters exhibit a near-monotonic decreasing pattern across
the market capitalization deciles. The estimate for the small size portfolio is 9.62 compared
to 0.82 for the large size portfolio, mirroring the pattern in observed risk premia. For the
book-to-market portfolios, the cointegration parameters exhibit an increasing relation in the
book-to-market decile. The point estimate for the highest book-to-market portfolio is 10.25,
compared to -0.27 for the growth portfolio. Again, this result is broadly consistent with the
pattern of observed risk premia. Indeed, we find that the cointegration parameter by itself
explains about 81% of the cross-sectional variation in average one-period returns on size and
book-to-market sorted assets. The price of risk of 0.486 (SE=0.053) is positive and statistically
significant. This evidence suggests that long-run risks embodied in assets’ cash flows are able
to account for a significant portion of the differences in risk premia. The fact that small and
high book-to-market stocks have large exposures to permanent risks in consumption implies

that the performance of these firms is linked to the permanent risks in the economy, while that
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of large and low book-to-market portfolio firms is not. As consumption is largely dominated
by permanent shocks, risks in large market-capitalization and low book-to-market stocks are
largely unrelated to the long-run evolution of the economy. This, as we document further below,
is exactly why large and low book-to-market portfolios should bear a low ex-ante risk premium

and already highlights the importance of long-run risks.

3.2 Predictability Evidence

As stated above, cointegration implies that dividend growth rates are predicted by the
cointegrating residuals. That is, the current deviations of an asset’s cash flows from their
long-run relation with consumption should forecast the dynamics of dividend growth rates
while dividends are moving back towards the equilibrium. For example, if dividends are
unusually high today, dividend growth is expected to fall in order for cash flows to adjust
to the stochastic trend in consumption. Given the approximation for the log return in equation
(3), the predictability of dividend growth rates potentially translates into return predictability.
The variation in the cointegrating residuals, therefore, may also be able to account for the

variation in expected future returns.

We explore the ability of our EC-VAR specification to predict future dividend growth rates
and returns at various horizons. To emphasize the importance of the cointegrating relation, we
compare the adjusted-R?’s for dividend growth and return projections implied by the EC-VAR
model outlined above with the corresponding R?’s from the growth-rate VAR specification.
The latter simply excludes the cointegrating residuals from a set of VAR variables. Results for
dividend growth are presented in Table 3. We examine results at horizons of 1, 5, and 10 years.
As shown in the table, at the one-year horizon, the differences between the EC-VAR specification
and the simple growth-rate VAR are quite stark. The mean (median) adjusted R? for the EC-

VAR specification is 0.19 (0.16), compared to 0.15 (0.11) for the growth rates specification.
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At longer horizons, the inclusion of the error-correction term becomes less important; at the
ten-year horizon the mean (median) adjusted R? for the EC-VAR and VAR specification are
0.20 (0.17) and 0.26 (0.24) respectively. This is not surprising, as the error-correction term

captures transitory variation in dividend growth rates.

Further, asset return predictability is also altered by the cointegration between dividends
and consumption. Return projections’ R?’s for horizons 1, 5 and 10 years implied by the EC-
VAR model as well as the alternative, growth-rate specification are reported in Table 4. The
EC-VAR specification, on average, is able to explain an average (median) of 11.5% (10.5%) of
return variation at one year horizon, and 44.0% (43.5%) of the variation in ten-year returns.
Excluding the cointegrating residual significantly lowers the predictability of asset returns and
alters the conditional mean of returns. We illustrate this point in Figure 1 by plotting one and
ten-year returns predicted by the EC-VAR specification along with the forecasts implied by
the alternative VAR model. Predicted conditional means are displayed for the top and bottom
market capitalization and book-to-market portfolios. It can be seen that the two specifications
produce quite different predictions of future expected returns, especially at longer horizons.
That is, the cointegrating residual, included in the error-correction specification, contains
distinct information about future returns beyond that in the growth-rate based model. Return
innovations, therefore, also differ across the two specifications, and most importantly so will

the consumption betas measured from the two alternative models.

As a robustness check, we have also examined direct projections of multi-period compounded
dividend growth rates and returns on the EC-VAR versus growth-rate VAR information sets.
We do not entertain this method beyond 5-7 years as the number of independent observations
in such direct projections decreases rapidly with the horizon. Predictability evidence from these
projections is very similar to that discussed above and, for brevity, is not reported. In sum, we

find cointegrating residuals to be a significant predictor of both future growth rates and future
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returns at short and intermediate horizons.®

The results of this section underscore the importance of cointegration in the measurement
of risk and return. As emphasized in this section, temporary deviations of cash flows from
the permanent component in consumption, that is cointegration residuals, contain valuable
information for predicting dividend growth rates and returns, and thus represent an important
component in the calculation of expected returns and betas by horizon. We turn to this point
in the following section, and analyze how the risk-return relation changes with the investment

horizon.

3.3 Betas and Expected Returns by Horizon

Mean returns for the portfolios at the one-, five-, and ten-year horizons, implied by the EC-
VAR, are presented in Table 5. As shown in the table, the general pattern observed in expected
returns is preserved across the various horizons. Small firm portfolios tend to earn higher mean
returns than do large firm portfolios, and low book-to-market portfolios earn lower expected
returns than high book-to-market portfolios. Further, at all horizons, the mean returns exhibit
considerable cross-sectional variation; the dispersion in mean returns at the ten-year horizon is

though slightly less than that at the one-year horizon.

We now explore the implications of cointegration for the determination of assets’
consumption risks. Table 6 presents betas at various horizons for each of the portfolios; Newey
and West (1987) standard errors are given in parentheses. Similarly to mean returns, risk
measures implied by the EC-VAR exhibit substantial cross-sectional variation. At the 1-year

horizon, the small-firm portfolio beta (4.12) exceeds the large-firm portfolio beta (1.54), and

°In particular, at the one-year horizon, t-statistics on the cointegrating residual in dividend growth
projections are significant for 11 out of 20 portfolios. As the horizon increases, the predictive power of the
error-correction variable considerably improves: at the five-year horizon, robust t-statistics in dividend growth
and return projections become statistically significant for virtually all the portfolios.
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the high book-to-market beta (3.89) exceeds the low book-to-market beta (1.81). Further,
there is a generally declining pattern in the size dimension and increasing pattern in the book-
to-market dimension that is consistent with the pattern observed in mean returns. As the
horizon increases, the cross-sectional pattern in these risk measures generally remains the same,
although the precision of the estimates suffers. At the 10-year horizon, the small-firm beta (6.54)
continues to exceed the large-firm beta (0.34) and the high book-to-market beta (4.33) exceeds

the low book-to-market beta (-0.83).

As argued in Section 1, the cointegration parameter is one of the components of the overall
consumption beta at each horizon, along with risks arising from transitory fluctuations in
dividends and prices. The relative importance of price risks and short-run dividend risks,
however, decreases over time, and in the long run, systematic risks in returns should be
dominated by permanent risks in assets’ cash flows. We find that this theoretical proposition is
strongly supported in the data. While at the one-year horizon, the correlation between assets’
betas and cointegration parameters is about 0.87, by the five-year horizon it already exceeds
0.90, reaching virtually 1 in the limit. Thus, the contribution of the cash-flow component
of risks to the beta dominates in the long run. Moreover, even at short horizons, long-run

consumption risks in dividends are an important determinant of assets’ betas.

To illustrate the importance of the cointegrating relation between dividends and
consumption for measuring expected returns and conditional consumption betas, we compare
the evidence discussed above with that implied by the alternative growth-rate based VAR
specification. ~ We find that the magnitude of mean returns for the growth-rate VAR
specification, reported in Table 5, is somewhat higher relative to the EC-VAR specification
but their cross-sectional pattern by horizon is very comparable to that impled by the EC-
VAR. However, the betas in the VAR specification, reported in Table 6, significantly differ
from the EC-VAR based betas. For comparison, in Table 6 we also present the unconditional

C-CAPM betas. Both the unconditional betas and those based on the VAR do not reflect the
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cross-sectional differences in mean returns on size and book-to-market sorted portfolios. This
evidence underscores the importance of conditioning information contained in the cointegrating

residual in computing assets’ exposures to consumption risks.

Below, we more formally analyze the relation between mean returns and risk measures in

the cross-section across various investment horizons.

3.4 Cross-Sectional Risk and Return

In this section we investigate the cross-sectional risk-return relation and explore the ability
of various specifications to account for cross-sectional differences in mean returns across
various investment horizons. We report and discuss evidence based on our preferred EC-VAR
specification, as well as alternative specifications: the standard growth-rate based VAR and the
unconditional C-CAPM. Table 7 presents results of estimating the cross-sectional regression
(20) for different investment horizons. The market prices of risk are estimated jointly with the
time-series parameters via one-step GMM. The reported standard errors of the cross-sectional

parameters, therefore, are robust to the estimation error in betas.

As shown in the table, at the one-year horizon, betas impled by our EC-VAR specification
explain 75% of the cross-sectional variation in mean returns with a positive price of risk of 1.19
(SE=0.41). This explanatory power is maintained at the 5- and 10-year horizons, with adjusted
R? of 0.73 and 0.84 respectively, and prices of risk of 0.73 (SE=0.32) and 0.65 (SE=0.24)
respectively. At the very long horizon, i.e., s = oo, the estimate of the market price of risk
remains strongly significant of 0.72 (SE=0.25), and the cross-section of long-run consumption
betas accounts for a sizeable portion of the variation in long-run risk premia (R*=87%). The

fit for the one-period and the very long horizon is plotted in Figure 2. Thus, at all horizons,

In addition, we have constructed bootstrap distributions of time-series and cross-sectional parameters of
interest. As bootstrap-based standard errors are very similar to the above-discussed standard errors, for brevity,
they are not reported.
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the EC-VAR specification explains most of the cross-sectional variation in mean returns across
assets. This evidence manifests the empirical importance of the cointegrating relation between
dividends and consumption in determining assets’ risk premia not only at long but also at short

horizons.

Table 7 also provides the cross-sectional risk-return tradeoff comparison of the EC-VAR
relative to the VAR-based specification. As we might expect, given the estimates in the
preceding section, the VAR betas have almost no power in explaining the cross-sectional
variation in mean returns. In particular, at the one-year horizon, it explains just about 22% of
the cross-sectional variation in mean returns and implies although positive, but insignificant,
price of risk of 1.278 (SE=1.57). As the horizon extends, however, the ability of the VAR
specification deteriorates substantially. At both five and ten-year horizons, it produces negative
prices of risks and completely fails to account for the differences in risk premia across assets,

as indicated by adjusted R?’s of -0.02 and -0.05 respectively.”

In addition to the conditional beta regressions, Table 7 presents the cross-sectional evidence
for the unconditional C-CAPM for the one-year horizon. In contrast to our preferred EC-VAR
specification, the unconditional C-CAPM is not able to account for the variation of average
returns across the portfolios — the market price of risk is insignificant and the R? is negative.
As the horizon increases, the cross-sectional fit of these unconditional betas remains quite low.
For example, at the five-year horizon, the explanatory power of the C-CAPM is only 23%.
We do not look beyond the 5-year horizon, as the number of independent observations in such

multi-period regressions shrinks rapidly with horizon.

To ensure our results are robust, we consider standard misspecification tests as in

"We find that this evidence is fairly robust if we instead employ a double-sorted set of portfolios. In particular,
using 9 portfolio sorted on size and book-to-market characteristics delivers virtually the same magnitudes of
market prices of risks as for single-sorted collections of assets, which we discussed in details. The same is true
for the cross-sectional R?’s — while the EC-VAR is able to account for more than 50% of the cross-sectional
variation in risk premia across various investment horizons, the adjusted-R?’s are virtually zero in the growth-
rate VAR setting.
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Jagannathan and Wang (1998). Specifically, in addition to our EC-VAR betas, we also include
commonly used portfolio attributes: size and book-to-market. We find that the EC-VAR
betas remain highly significant, while t-statistics on portfolio-specific characteristics are largely
insignificant. In particular, at the first-year horizon, the robust t-statistic on the EC-VAR beta
is 2.5; for size and book-to-market characteristics the corresponding statistics are -1.9 and 0.4
respectively. As the horizon increases, the explanatory power of the EC-VAR betas increases,
while the significance of both characteristics diminishes. For example, at the ten-year horizon,
the t-statistic for our betas is 2.6, and for size and book-to-market attributes are -0.6 and 0.2
respectively. In sum, this finding shows that our EC-VAR based betas are very important for

capturing the dispersion in risks across assets.

Our empirical evidence highlights the importance of the cointegration-based specification
for understanding the risk-return tradeoff at all investment horizons. The EC-VAR relative to
alternative specifications, such as the growth-rate based VAR, incorporates the error-correction
term €4, as a predictive variable. This error-correction state variable alters the information set
used to predict future returns relative to other specifications of return dynamics, and hence

significantly alters the return innovation and conditional betas.

It is worth noting that the implicit assumption (the null hypothesis) behind the EC-VAR
specification is that the error-correction term is stationary — all the eigenvalues of the A matrix
are all inside the unit circle. At the point estimates, this critical restriction is satisfied for all
20 portfolios. If this restriction were not satisfied, then our betas could not be constructed for
the entire cross-section of assets and the cross-sectional price of risks could not be computed
at all horizons. Hence, for evaluating the cross-sectional implications, the null hypothesis that
EC-VAR specification leads to stationary dynamics is an important input. In contrast, in the
standard VAR, the error-correction mechanism is absent as dividends and consumption are not
cointegrated and deviations between them contain a permanent component. This, as discussed

earlier, is the key economic difference between these two specifications.
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3.5 Long-Run Risks Compensation

Since consumption growth is a covariance-stationary process, its level satisfies a Beveridge and
Nelson (1981) decomposition. That is, the consumption process can be presented as a sum of

a deterministic trend, a random walk component and a transitory (stationary) component:

¢t = pet + Ty + S, (21)

where T} is the stochastic trend of log consumption, and S; is a transitory (or short-run)
component. The covariance of the return with consumption (i.e., the beta) can, therefore,
be broken into two parts: the covariance with trend shocks (fr) and the covariance with

transitory shocks in consumption (8sy),

Couv(r T, Cov(r S,
ﬁT}s _ t( t+1—>t;—sa t+1—>t+s) ’ and 5575 t( t+1—>t-21-57 t+1—>t+5) (22)
O‘T,S 0578

The overall beta is just a weighted combination of the two risk measures,

2 2
or, gs,

ﬁs = /BT,S ) > + ﬁS,s 2 > . (23)
Uc,s Uc,s

Consequently, at each horizon, the market price of risk reflects the premium for both very long

risks and short-run fluctuations in consumption:
1
gEt Tt+1—t+s + 0-50575 - 57{,5 = )‘sﬁs = )\T,SBT,S + )\S,sﬁS,s- (24>

As the horizon increases, transitory consumption shocks die out, and the transitory risk
compensation shrinks to zero. Thus, the total risk compensation in the long-run limit (when
s = oo) provides a measure of the compensation solely for long-run consumption risks, i.e.,

Ao = AMroo. We isolate and estimate this long-run compensation by considering the long-
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run risk-return relation in the cross-section of assets. Subtracting it from the overall risk
compensation for a given horizon s allows us to construct the time-horizon profile of risk premia

for transitory consumption risks.

We find that the compensation for long-run risks in consumption is about 60% of the
overall compensation at the one-year horizon. Specifically, the estimate of the long-run risk
compensation is 0.72 per annum compared to 1.19 at the one-period horizon. Figure 3 plots
the compensation for short-run consumption risks along with the total market price of risks
for investment horizons up to 15 years. The compensation for transitory fluctuations is small
relative to the premium for long-run risks and exhibits a rapid decline as the time horizon grows,
starting at about 50 basis points at the first horizon and falling to zero by the 5th year. That is,
long-run fluctuations in consumption are the dominant source of the premium for consumption

risks in asset markets.

4 Robustness of Evidence

4.1 Alternative Cointegration Specifications

In this section, we discuss the implications of various restrictions on the cointegration
specification presented above. In particular, we focus on three alternative specifications relative
to our preferred cointegration specification where both § and 7 are unrestricted. In the first,
we estimate (12) and (14) under the restriction § = 1 for all assets and 7 is unrestricted. In the
second specification, we impose the restriction that 7 = 0 (no time trend) but § is unrestricted.

In the third case, we impose a joint restriction of 7 = 0 and § = 1 across all assets.®

81t the time-series dimension, these restrictions are sharply rejected for the majority of assets. In particular,
according to Park (1992) test statistics, single hypotheses of 7 = 0 and 6 = 1 are rejected for 13 and 14 portfolios,
respectively. The joint null of no time trend and a unit cointegration parameter is rejected for all 20 assets (for
all but one portfolio, at the 1% level). Empirical evidence provided in this section reinforces this analysis. We
show that imposing restrictions on the long-run dynamics of assets’ dividends and consumption significantly
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Results for cross-sectional regressions incorporating these restrictions are presented in Table
8. The first set of columns present results for the first specification, where 6 = 1 for all assets
(while still allowing for differences in time trends). The results at the one-period horizon are
somewhat weaker relative to our preferred case; the price of risk is 1.58 (S.E. = 0.39) and
the betas explain 45% of the cross-sectional variation in average returns, as indicated by the
R?. However, as the horizon increases, the explanatory power of the specification deteriorates
rapidly. At the two- and five-year horizons, the prices of risk are no longer statistically significant
and the explanatory power of the regression is near zero. These results indicate that allowing
for heterogeneity in the long-run risk in dividends is important for capturing variation in risk

premia not only in the long run, but also the short term.

In the second set of columns, we report results for the second specification, where ¢ is
unrestricted and 7 = 0 (no time trend) for all assets. These results represent an improvement
over the case in which the cointegration parameter is restricted to be one, and are mostly
comparable to our preferred specification. At the first horizon, the estimated price of risk is
positive and statistically significant and R? is of 62%. The price of risk and the explanatory
power of the regression remain high as the horizon lengthens. Finally, we have also considered
a specification with 7 = 0 and § = 1 for all assets as in Menzly, Santos, and Veronesi (2004).
This specification, however, is sharply rejected in the data and, for brevity, we do not report

the detailed evidence.

A comparison of our preferred case (unrestricted time trend and cointegration parameter),
to the second case where the time trend is eliminated highlights that it is not the time trend per-
se but cross-sectional heterogeneity that is important for capturing differences in risks across
assets at long and short horizons. This is further reinforced by the evidence that when § = 1,

the specification cannot account for the differences in risks at various horizons. As mentioned

limits the ability of the cointegration-based betas to account for the cross-sectional variation in risk premia at
all investment horizons.
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previously, in the second case (7 = 0 and  unrestricted) the cointegration parameter equals
the ratio of the mean growth rate in the portfolio dividends to the mean growth of aggregate
consumption, and hence may tautologically reflect average ex-post returns. Including the time
trend purges the effect of mean growth rates in dividends on the cointegration parameter, and
ensures that long-run risk measures (that is, d’s) do not mechanically replicate cross-sectional
differences in ex-post average returns. Despite this, if one chooses to restrict 7 = 0 for all
assets and estimate d’s under this restriction, this specification produces cross-sectional results
that are comparable to our preferred case. This, once again, underscores that it is appropriate
heterogeneity in § that is critical and not merely the inclusion or exclusion of time trends in the
cointegration specification. Below, we further highlight the importance of the cross-sectional

dispersion in long-run dividend risks, §’s, using Monte Carlo simulations.

4.2 Monte Carlo Analysis

The results presented above show that the price of risk and R? are highly significant for our
preferred EC-VAR specification. In this section, by means of Monte Carlo simulations, we
show that our empirical evidence is robust to alternative specifications and is not likely to be
an outcome of a lucky draw. We consider four different Monte Carlos which highlight different

aspects of our empirical evidence.

As noted earlier, the cross-sectional heterogeneity in the cointegration parameter is
important.  Our first Monte Carlo experiment (MC-1) is designed to evaluate if this
heterogeneity could arise in a set-up where, in fact, there is none due to either small sample
errors or overfitting in small samples. In this experiment, the population value of the
cointegration parameter is set at 1 for all assets. We ask the question if such an economy
is capable of replicating the cross-sectional evidence that we find across various investment

horizons. We simulate all the data, of the sample length, from the EC-VAR specification
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that imposes the restriction 6 = 1. Using the simulated data we estimate the cointegration
parameter and the unrestricted EC-VAR, as we have done in the data. We then use the
constructed betas to run cross-sectional regressions and to compute the prices of consumption
risk and the R?’s by horizon. Table 9 reports the cross-sectional evidence from this simulation
exercise. The table shows that the conditional consumption betas in this case fail to explain the
cross-sectional differences in mean returns across almost all investment horizons — the cross-
sectional R?’s are very small and the cross-sectional slope coefficients are mostly insignificant.
This Monte Carlo experiment, therefore, suggests that our empirical evidence is unlikely to come
from a world where long-run cross-sectional dividend heterogeneity is absent. In addition, it
underscores the importance of cross-sectional differences in the cointegration parameter for

explaining differences in mean returns across all horizons.

In the second Monte Carlo (MC-2), we highlight the importance of the EC-VAR specification
relative to the standard VAR specification. As is well known (see Granger and Engle
(1987)), imposing a growth-rate based VAR structure when dividends and consumption are
cointegrated entails loss of information that emanates from the error-correction mechanism.
This can substantially affect the transition dynamics of dividend growth rates and returns and,
consequently, the asset’s consumption betas that interest us. The null model that we simulate
from is the EC-VAR; we then estimate the standard growth-rate based VAR (using the same
specification as discussed earlier) to measure asset betas, price of risk, and the cross-sectional
R?s. The evidence reported in Table 10 shows that the VAR loses considerable information
and, on average, cannot account for the cross-sectional differences in mean returns. In all,
this suggests that if the data indeed have an EC-VAR structure then, as documented in our
empirical section, the standard-VAR specification (commonly used in empirical work) will fail

to measure asset risks.

The third Monte Carlo (MC-3) sets the standard growth-rate VAR as the null model, and
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asks what would one find if one estimates our preferred EC-VAR model.? It is important to
note that under the null of the VAR specification, consumption and dividend growth rates are
stationary. However the level of dividend is not cointegrated with the consumption level as
they do not share a common stochastic trend. A stationary error-correction variable does not
exist as the deviation between dividends and consumption contains a unit root (see Granger
and Newbold (1974), and Phillips (1986) and Hamilton (1994)). As the number of time-series
observations increases, this unit root will become easier to detect (technically, one of the roots
of A matrix will be outside the unit circle for all the assets). This implies that our EC-VAR
based consumption betas will not exist in large enough samples. Our focus here, though, is on
the modest sample length we observe in the data. We simulate sample lengths of data for 20

portfolios and then attempt to estimate our preferred EC-VAR specification.

We find, that in every each of samples we simulate, the A matrix for at least one of the
portfolios implies an explosive path for the estimated error-correction variable. On average,
about 3 assets have explosive dynamics and, thus, the EC-VAR conditional betas do not exit
for the whole cross-section. Hence, the cross-sectional regression of mean returns on the asset
betas cannot be conducted. That is, in this set-up, the distribution of various cross-sectional

O In addition, we

statistics of interest does not exist even in our modest length samples.
have examined the Monte Carlo distribution of the first-order autocorrelation (ACF(1)) of the
estimated cointegration residual from MC-3. We find that the ACF(1) coefficient, even in our
modest samples, is very high relative to the data, suggesting as to why some portfolios in a given
draw have explosive dynamics. More specifically, for all the portfolios but one, the estimates

of the first-order autocorrelation coefficient in the data, reported in Table 2, are well in the left

tail (below the 2.5% percentile) of the Monte Carlo distribution. This evidence, and the fact

9Notice that a special case of the null is the i.i.d. growth rates specification. This nested case brings us back
to the unconditional C-CAPM specification that, as we have shown, is strongly rejected in the data.

10Tn particular, the fraction of draws without at least one portfolio having explosive dynamics is zero; the
percentage of draws with at least 1 explosive portfolio is 17%, with at least 2 explosive portfolios is 35%, and at
least 3 explosive portfolios is 25%. Additionally, probabilities of observing at least 4, 5 and 6 explosive portfolios
are 16%, 5%, 2%; for 7 portfolios and above, it is essentially zero.
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that in the data not a single asset has an explosive path at our point estimates, suggest that
the population model of a standard growth-rate based VAR is an unlikely description of the

observed data. Thus, our findings based on the EC-VAR specification are not a lucky draw.

Finally, to ensure that we do not have a lot of degrees of freedom with the considered
collection of assets, we have constructed a Monte Carlo based distribution for the cross-sectional
R? and t-statistics (MC-4). We simulate consumption growth rates of the sample size we observe
and replace the observed consumption data with these simulated draws; the rest of the data
(returns, pd ratios, etc.) are identical to what we observe. The EC-VAR based consumption
betas estimated using this simulated consumption should provide no information about the
cross-sectional distribution of mean returns as the simulated consumption is just a random
factor (this is our counterpart to the exercise considered in Lewellen, Nagel, and Shanken
(2006)). We find that our point estimate for the R? and the t-stat on the slope coefficient lie
above the 95% probability cut-off of the corresponding Monte Carlo distributions. This Monte

Carlo evidence, therefore, shows that the empirical findings, using our asset menu, are both

statistically and economically significant and cannot simply be regarded as good luck.

To summarize, the Monte Carlo results corroborate the empirical evidence presented in the

paper and show that these findings are robust against many alternatives.

5 Conclusion

We show that the long-run relation between consumption and dividends, that is, the
cointegration, is important for understanding the dynamics of asset returns and their risk
compensations across investment horizons. Cointegration measures the long-run covariance
consumption risk in dividends and implies that deviations between dividends and consumption

(i.e., the error-correction) are temporary. An important implication of cointegrating relation is
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that returns can be characterized by an EC-VAR, in which returns can be predicted by the error-
correction variable. Hence, the error-correction mechanism alters the transition dynamics of
returns and, hence, the conditional consumption betas by horizon in interesting ways relative to
a commonly used standard VAR setup. We demonstrate that the cointegration vastly improves
the consumption-based model’s ability to explain risk premia on size and book-to-market-sorted

assets at both short and long horizons.

At the one-year horizon, the cross-sectional explanatory power rises from an adjusted-R?
of less than zero for the unconditional C-CAPM and 22% for a growth-rate based conditional
C-CAPM, to 75% for a C-CAPM based on a cointegration specification. At long horizons these
differences in favor of the EC-VAR framework are even more dramatic. At a conceptual level,
we show that the conditional consumption betas at long horizons are largely determined by
the cointegration parameter between dividends and consumption. Alternative dividend growth
models, which do not impose cointegration or impose unit cointegration across assets are not
supported in the data. This points to the importance of cross sectional differences in long run

consumption risks for explaining the risk return tradeoff.

Our approach allows us to assess the importance of long-run consumption risks relative to
the overall consumption uncertainty. At all but the very long horizon, the cross-sectional slope
coefficient from projecting mean returns on consumption betas reflects the risk compensation
for both short- and long-run fluctuations in aggregate consumption. In the limit, on the other
hand, it provides a market measure of risk compensation solely for long-run consumption risks.
We find it to be a dominant source of the total risk premium, which, once again, points strongly
towards the importance of long-run consumption risks in asset markets. This, along with the
cross-sectional evidence, suggests that a more primitive production based multi-sector model,
which yields differences in long run cointegration risks across assets, would be a very valuable

contribution to the literature.
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Appendix

In this appendix, we provide the details of the EC-VAR structure employed in the paper and
the calculation of the horizon-dependent covariance matrix. Given estimates of the parameters
and residuals in the the cointegrating relation (12) between dividends and consumption, we
model the dynamics of the resulting cointegrating residual, €;,, jointly with the portfolio’s

price-dividend ratio, z;, and consumption growth, Ac;, by the following EC-VAR structure:

Acy Pe 0 0 0 0 Aci_1 i
€d,t Qec Pe ez aeqg 0 €d,t—1 Ne,t
2 | = e e Pz aza 0 i1 |+ Nt : (A-1)
Ad, e +6pc  (pe—1) ez aeqg 0 Adi_4 Ne,t + 0N
Az e aze  (pz—1) @z 0 Az Nat

The first three variables form the basis of the EC-VAR process. The last two variables provide
no additional information; they are included into the EC-VAR to simplify the computation of
long-run covariances. The dynamics of Ad; and Az, are derived from the dynamics of the first

three variables by exploiting Ad; = Aegy + 0Ac;, and Az, = 2 — 2.

Denoting X} = (Ac; €1 2z Ady Az ), we can rewrite the EC-VAR compactly as

Xt = Athl + Gut, (A—Q)

where the matrix A is defined above, G is a 5 x 3 matrix, and u is a three by one matrix of

shocks, uy = (7 Mer Msp), that is

1 0 0
01 0| /nm
Xi—AX; 1 =Gu, =10 0 1 Net (A-3)
6 1 0 Nzt
0 0 1
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Given this structure and a horizon s > 1, the innovation in the sum of s consecutive X’s can

be extracted as follows,

Y Xei = B Xip] = s (A-4)
7j=1 j=1
where (445 18
Ctids = Z Bjeii14s—j, (A-5)
j=1

with e, = Guy, Bj = Bj_1 + A7 and By =0, for j =1,..., s.
Exploiting the fact that the errors are identically distributed and uncorrelated, the
covariance matrix of (; ;45 for any given horizon s is

S = B,X.B. + % (A-6)

s—1>

where ¥, = GX,G’, and X§ = ByX.B| = 0. As s increases, X% grows without bound; hence we
consider ¥, = %, that is the covariance matrix of (; 4y, scaled by the horizon. Given ¥, and

By, the evolution of ¥, is given by
1 , 1
Ys=-BX.B,+ (1 —-)%X,_1. (A-7)
s s

Equation (A-7) provides a direct recursive algorithm for the construction of the covariance
matrix of interest. For large s, the long-run matrix is determined by the limit of B, which is
I — Al ie,

S = [T = A5, — A7, (A-8)
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Table 1

Summary Statistics

Cash Flow Growth Returns
Portfolio Mean  Std. Dev. Mean Std. Dev.
S1 0.0657 0.3969 0.1345 0.3388
S2 0.0829 0.4181 0.1235 0.2911
S3 0.0269 0.3518 0.1278 0.3163
S4 0.0238 0.2637 0.1256 0.2957
S5 0.0215 0.2463 0.1199 0.2797
S6 0.0168 0.2019 0.1106 0.2642
S7 0.0195 0.1684 0.1076 0.2517
S8 0.0120 0.1549 0.0994 0.2308
S9 0.0092 0.1303 0.0904 0.2181
S10 0.0034 0.1053 0.0758 0.1906
B1 -0.0026 0.1634 0.0701 0.2157
B2 0.0179 0.1598 0.0834 0.1902
B3 0.0041 0.1562 0.0727 0.1904
B4 0.0009 0.2194 0.0771 0.2224
B5 0.0160 0.1552 0.0963 0.2225
B6 0.0146 0.2461 0.0989 0.2305
B7 0.0165 0.2667 0.1069 0.2484
B8 0.0548 0.2194 0.1265 0.2187
B9 0.1009 0.3486 0.1360 0.2287
B10 0.0467 0.6799 0.1337 0.3315

Table 1 presents descriptive statistics for the returns and cash flow growth rates on the 20 characteristic-sorted
portfolios used in estimation. The portfolios examined are portfolios formed on market capitalization (S1-
S10), and book-to-market ratio (B1-B10). Capitalization portfolios are formed by sorting NYSE, AMEX, and
NASDAQ firms by their market capitalization as of June of each year (using NYSE breakpoints), and holding
the capitalization decile constant for one year. Book-to-market portfolios are formed by sorting NYSE, AMEX|
and NASDAQ firms based on their market capitalization as of June of each year divided by their book value
as of the most recent fiscal year end available. Returns are value-weighted. The cash flow growth rates are
constructed by taking the first difference of the logarithm of dividend series. The data are converted to real
using the PCE deflator. The data are sampled at the annual frequency, and cover the period 1929 through 2002,

for a total of 74 observations.
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Table 2

Cointegration Parameters and ACF

Portfolio 5 ACF(1) ACF(5) ACF(10) Unit Root
S1 9.62 (6.07) 0.90 0.34 -0.02 -2.09
S2 9.71 (5.06) 0.64 0.41 -0.01 -5.86*
S3 6.69 (2.86) 0.75 0.41 0.17 -3.32
S4 6.21 (2.37) 0.81 0.30 0.11 -2.75
S5 4.41 (1.70) 0.70 0.17 0.05 -3.65*
S6 4.38 (1.88) 0.84 0.28 0.20 -2.41
S7 2.42 (1.12) 0.72 0.24 0.14 -3.41
S8 2.38 (0.77) 0.65  -0.03 -0.16 -3.47
S9 2.38 (0.96) 0.81 0.22 0.03 -3.45
S10 0.82 (0.89) 0.79 0.24 -0.04 -3.71%
B1 -0.27 (1.28) 0.73 0.16 -0.13 -3.98*
B2 -2.59 (1.41) 0.72 -0.05 0.17 -3.72*
B3 -0.11 (0.79) 0.61 0.07 -0.02 -3.87*
B4 0.82 (1.91) 0.64 0.17 0.13 -3.77*
B5 2.79 (1.59) 0.91 0.61 0.17 -1.83
B6 4.83 (1.75) 0.68 -0.01 0.05 -5.07*
B7 6.36 (2.20) 0.76 0.20 0.07 -3.12
B8 9.70 (3.07) 0.79 0.21 0.16 -3.80*
B9 12.54 (5.95) 0.67 0.17 0.03 -4.02*
B10 10.25 (4.55) 0.77 0.42 0.09 -1.88

* indicates significance at the 10% level (MacKinnon critical value = -3.59)

Table 2 presents the estimates of cointegration (CI) parameters for the 20 portfolios sorted by market
capitalization (S1-S10) and book-to-market ratio (B1-B10). CI parameter estimates are obtained by regressing
the deterministically de-trended log level of portfolio’s dividends on the de-trended log level of aggregate
consumption. Aggregate consumption is defined as seasonally adjusted real consumption of nondurables plus
services. Consumption data are taken from the NIPA tables available from the Bureau of Economic Analysis.
The three columns labeled “ACFEF” report sample autocorrelation function of the cointegrating residuals for lags
1, 5 and 10. The final column presents a unit root test for null that the error correction residuals contain a unit

root. Test statistics that exceed the 10% critical threshold are indicated with an asterisk.
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Table 3
Predictability Evidence: Dividend Growth

Horizon
—1— —5— — 10 —
Portfolio EC-VAR VAR EC-VAR VAR EC-VAR VAR
S1 0.00 0.04 0.14 0.20 0.21 0.22
S2 0.11 0.00 0.15 0.01 0.14 0.01
S3 0.44 0.52 0.10 0.25 0.05 0.29
S4 0.11 0.10 0.09 0.19 0.07 0.21
S5 0.11 0.07 0.13 0.20 0.10 0.24
Sé6 0.15 0.16 0.12 0.21 0.10 0.22
S7 0.12 0.08 0.21 0.22 0.17 0.25
S8 0.12 0.06 0.22 0.22 0.17 0.28
S9 0.17 0.15 0.24 0.29 0.17 0.30
S10 0.19 0.03 0.43 0.15 0.35 0.19
B1 0.27 0.06 0.55 0.21 0.46 0.29
B2 0.25 0.08 0.52 0.31 0.37 0.37
B3 0.24 0.12 0.54 0.40 0.48 0.48
B4 0.39 0.25 0.48 0.51 0.42 0.39
B5 0.14 0.19 0.24 0.31 0.21 0.24
B6 0.23 0.25 0.21 0.37 0.11 0.24
B7 0.34 0.37 0.15 0.34 0.07 0.22
B8 0.17 0.14 0.16 0.26 0.09 0.22
B9 0.13 0.24 0.24 0.40 0.15 0.26
B10 0.07 0.10 0.17 0.22 0.19 0.27

Table 3 presents the adjusted-R? for dividend projections implied by the EC-VAR specification and the growth-
rates VAR model that does not assume the long-run relation between assets’ cash flows and consumption. The
entries are reported for the 20 portfolios sorted by market capitalization (S1-S10) and book-to-market ratio
(B1-B10). Data are sampled at the annual frequency, expressed in real terms, and cover the period 1929-2002.
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Table 4
Predictability Evidence: Returns

Horizon
—1— —5— — 10 —
Portfolio EC-VAR VAR EC-VAR VAR EC-VAR VAR
S1 0.17 0.06 0.40 0.04 0.36 0.01
S2 0.13 0.11 0.53 0.35 0.59 0.44
S3 0.10 0.03 0.40 0.08 0.53 0.13
S4 0.15 0.10 0.44 0.18 0.50 0.20
S5 0.16 0.15 0.36 0.21 0.49 0.26
S6 0.11 0.07 0.37 0.17 0.47 0.18
S7 0.09 0.08 0.29 0.17 0.46 0.23
S8 0.08 0.05 0.32 0.14 0.53 0.21
S9 0.04 0.01 0.28 0.12 0.46 0.16
S10 0.03 0.02 0.23 0.15 0.43 0.24
B1 0.04 0.00 0.19 0.03 0.32 0.04
B2 0.07 0.00 0.23 0.04 0.36 0.06
B3 0.23 0.14 0.27 0.06 0.43 0.07
B4 0.06 -0.01 0.26 -0.02 0.44 -0.03
B5 0.04 0.02 0.24 0.07 0.37 0.06
B6 0.08 0.06 0.26 0.03 0.37 0.00
B7 0.15 0.06 0.44 0.11 0.42 0.05
B8 0.17 0.11 0.49 0.21 0.41 0.18
B9 0.20 0.06 0.42 0.03 0.35 -0.01
B10 0.20 0.09 0.48 0.19 0.51 0.17

Table 4 presents the adjusted-R? for return projections implied by the EC-VAR specification and the growth-
rates VAR model that does not assume the long-run r