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Abstract

Several parametric and non-parametric estimators of conditional betas have been sug-
gested by the econometric literature. The conditional CAPM does not provide any struc-
ture on how betas should vary and it is not clear which estimator should be preferred. In
this paper we fill this gap by investigating the economic structure imposed by a rational
expectations equilibrium model on conditional betas. We show that uncertainty about the
state of the economy combined with different cash-flow structures, like those implied by
value and growth portfolios, result in very distinct dynamics of conditional betas. Fur-
thermore, the same forces driving volatility asymmetry result in excess covariance during
market downturns for cyclical assets and in asymmetric responses of conditional betas to
news. In particular, the market betas of value portfolios increase more with negative news

than with positive news.
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1 Introduction

It has long been recognized that the systematic risk of stocks, captured by the market beta, is
time-varying. Indeed, in empirical applications as early as Fama and MacBeth (1973) betas were
computed from rolling sample moments. The conditional capital asset pricing model (CAPM),
however, does not impose any structure on how betas should vary. This has largely been
tackled from an empirical perspective. Early parametrical approaches include the multivariate
GARCH framework (Bollerslev, Engle, and Wooldridge, 1988) and the instrumental variables

*I would like to thank Eric Ghysels, Saraswata Chaudhuri and Eric Renault for helpful comments and
suggestions. I also thank David Fragoso Gonzalez, Ken Reddix, Guansong Wang and participants at the
econometrics seminar, departmant of economics, UNC, for helpful comments and suggestions.

tDepartment of Economics, University of North Carolina at Chapel Hill.
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or “conditioned down” betas (Harvey, 1989). Recent parametric models suggest treating con-
ditional betas as latent variables: Adrian and Franzoni (2009) suggest using the Kalman filter
while Ang and Chen (2007) apply Markov chain Monte Carlo and Gibbs sampling to obtain
time varying betas. Non-parametric approaches have been suggested by Andersen, Bollerslev,
Diebold, and Wu (2006), who use high-frequency data to estimate betas and Ang, Chen, and

Xing (2006) who point out how asymmetries in betas may be important.

As the econometric literature indicates, there is still an ongoing debate as to how conditional
betas should be estimated. Ghysels (1998) points out that misspecified conditional betas can
result in higher pricing errors than static betas. This is one of the reasons why many empirical
works still use the rolling betas of Fama and MacBeth (1973) to avoid taking a stand on an

econometric model (Lewellen and Nagel, 2006).

In this paper we contribute to this debate from an economic theoretical perspective. We
investigate the dynamics of conditional betas implied by a general equilibrium model. More
specifically, we consider a multiple asset version of the rational expectations equilibrium model
of Veronesi (1999) first suggested by Ribeiro and Veronesi (2002). In our model, the investor is
uncertain about the true distribution of each asset’s cash-flow stream. In particular, the investor
does not observe the drift of the continuous process that characterizes cash-flows which can take
on two values according to a Markov chain process. As a result of this uncertainty, investor
decisions are affected by a learning process. The asset pricing formulas implied by the model
bear many of the properties observed in real data. For instance, the asset return volatility
implied by the model displays the clustering effect and the asymmetric response to news so

pervasive in real data.

The main results drawn from the model are the following: first, we observe that the asset
pricing formulas correctly predict the first and second moments of real data. We calibrate a five
asset economy with the parameters implied by the log-dividend growth series of five book-to-
market sorted portfolios. The theoretical values match the cross-sectional variation in expected
returns and the standard deviation of the actual data reasonably well. The calibration exercise
also reveals that cash-flows of the firms in the value portfolio are much more susceptible to

changes in the economic conditions than those of firms in the growth portfolio.

Second, expected returns are time-varying because of the uncertainty regarding the state
of the economy. A factor decomposition of expected excess returns also indicates that both
the market beta and the price of risk are time-varying. The market beta and the price of
risk are both important to the dynamics of the expected returns to assets with the value and
growth characteristics. On the other hand, the dynamics of the expected returns to assets in
the intermediate portfolios on the book-to-market spectrum are mostly determined by the price

of risk.

Third, conditional betas can have opposite dynamics according to the asset’s underlying



cash-flow structure. The model implies that the conditional betas of assets whose profitability
is highly sensitive to changes in the economic conditions, like the value portfolio, increase with
uncertainty about the state of the economy. On the other hand, the conditional betas of assets
that are less sensitive to shifts in the economic conditions, which includes anti-cyclical assets
and also cyclical assets with a lower sensitivity, decrease with uncertainty.

Finally, the same forces that generate volatility asymmetry of asset returns, induce condi-
tional betas to respond asymmetrically to positive and negative news. The model implies that
the conditional betas of assets whose profitability is highly sensitive to changes in the economic
conditions increase more after negative news than after positive news. On the other hand, for
less sensitive assets, the conditional betas decrease more after negative news than after positive
news.

The asymmetric implications to conditional betas of our model provide support to the
empirical results found by Ang, Chen, and Xing (2006). The authors show that a downside
beta, computed from rolling samples conditioned on the market returns being negative, is
priced on the cross-section of stocks returns and command a significant risk premium. They
link this risk premium to investors asymmetric preferences toward gains and losses. In our
model, a different interpretation is possible: the downside betas actually capture the time-
variation of the systematic risk of firms whose cash-flows are very sensitive to changes in the
market conditions, like those in the value portfolios.

Our paper is related to Santos and Veronesi (2004), who derive implications to market betas
within a general equilibrium model. The model assumes that the investor has habit persistent
preferences and that the dividends in the economy are random shares of the total endowment
of the economy. They find that betas can be decomposed into a cash-flow risk and a discount
risk components and that the dynamic of conditional betas is determined by the component
that is most important.

The paper proceeds as follows: in section (2), we solve the model and discuss the resulting
asset pricing formulas. Then, in section (3) we calibrate the model with U.S. data. We simu-
late time series of asset returns using the theoretical formulas, compute ex-post moments and
estimate univariate and multivariate GARCH models to assess the dynamics of covariance and

market betas. We conclude the paper with a summary of the results and some final remarks.

2 The model

The model is a multiple asset version of the rational expectations equilibrium model of Veronesi
(1999). This extended version was also considered by Ribeiro and Veronesi (2002) but for a
different purpose. In that paper, the authors show how uncertainty about the state of the

world economy can result in the observed excess covariation in international stock markets
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during downturns. Here, we will investigate the dynamics of the different components of the
risk premia and, in particular, how good and bad news are incorporated into conditional betas.

The key assumption of the model is the uncertainty the investor faces about the true dis-
tribution of the assets’ cash-flows. More specifically, the drifts of the continuous stochastic
processes that describe the cash-flows can take two values according to an unobserved two
state Markov switching process. It is further assumed that the investor optimally infers the
true drifts from cash-flows realizations. This generates a learning process that results in asset
prices that bear many of the empirical properties observed in real data. For instance, the
asset return volatility implied by the model is time varying and displays the clustering effect
observed in real data. It also reproduces the predictable asymmetry of stock returns. Finally, it
provides a theoretical justification for the apparent puzzle that asset returns are more volatile
than theirs underlying cash-flows.

Apart from the ability to replicate many of the stylized facts about stock returns, the model
is appealing for it provides a tractable framework to incorporate a learning dynamic into pricing
formulas. For instance, it allows us to assess how news about the economy can change the risk
of assets. As we will see below, different cash-flow structures can result in opposite responses

of market betas to news of the same sign.

2.1 The Economy

The economy has one representative investor that maximizes expected utility subject to a
budget constraint. There are n+1 financial assets: a risk-free asset that is inelastically supplied
with a known rate of return rdt and n risky assets that pay continuous stream of cash-flows
given by:

dD;y = Oudt +0,d&; 1=1,...,n

where d§; is a (n x 1) vector of Brownian motions and o; a (1 x n) vector of diffusion coefficients.
The n expressions presented above can be written in matrix notation as dD; = 6;dt+®d&;, where
0, is the (n x 1) vector of drift terms 0;;, and ® is the (n x n) matrix that stacks the diffusion
terms ;. Denote by ¥ = &P’ the cash-flow covariance matrix. The market portfolio cash-flow is
defined as the sum of all cash-flows times the available shares of each asset, D,y = > w; Dy,
where w = [wy, ..., w,]  are the available shares.

The investor does not observe the random vector {6;} but knows it can take two values:
0¢ = [ic, ..., 0ng]’ in the good state and 0p = [015,...,0,p] in the bad state. This random
vector switches between the two states with conditional probabilities that follow a market-wide
two-state Markov-chain process with parameters p, the probability of going to a good state
from a bad state, and A, the probability of shifting from the good state to the bad state. We

will label asset i cyclical if Af; = 05 — 0 > 0 and anti-cyclical otherwise.
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The investor optimally infers the true drifts of cash-flows from past observations. That is,
he conditions his beliefs about the true drifts on the information set F; = o (D,,7 <t). As
was shown by Veronesi (1999), the optimal prediction is conveniently described by a stochastic

process. The following lemma is an extension of the univariate case for multiple assets.

Lemma 1. The investor’s belief that the economy is in the good state, 7, = Prob (0, = 0g|F:),

evolves according to the stochastic process:
dry = (A+p) (75— m)dt + m (1 — 7)) AP d, (1)

where Ty = X‘i‘Lﬂ is the unconditional probability of my, A0 = [01¢ — 1B, ..., Ong — Onpl, and
dv, = @71 (dD; — E [dDy|F]) is a (n x 1) vector of standard Brownian motions with respect to

the filtration Fy, with E [dDy|F] = Oigm + 0;5(1 — ) fori=1,...,n.
Proof. 1t follows from theorem 9.3 in Lipster and Shiryaev (2001). ]

Note that m; mean reverts towards its unconditional mean, m,, at a rate of A + p. Shocks
to dv, are weighted by a signal to noise ratio, A#’®~!, and by the uncertainty level about the
state of the economy, h(m;) = m (1 — m). The closer m; is to 0.50, the more uncertain the
investor is about the true state, and the larger the revisions to the conditional probability are.
For ease of notation, let a; = (A + p) (75 — ) and 02 = 72(1 — m)2A0LTAH. We will also
denote the (1 x n) vector by o, = m; (1 — 7)) AG'P' 1.

As we will see below, the second moments of asset returns will be non-linear functions of
uncertainty as captured by h (m;). In order to study the dynamics of these moments, it will be
instructive to assess how uncertainty evolves by differentiating h (m;). We define the market at
time ¢ as good if m; > 0.5 and as bad otherwise. The following corollary gives the conditional

dynamics of uncertainty:

Corollary 2. Define uncertainty as h (m;) = m (1 — m). Then the following process describes

the evolution of conditional uncertainty over time

" [ah — (e — ) Vh™me® — hy| dt — opdu, if the market is good, 7 > 0.5
t pu—
[ozh + (u— N) Vh™e® — hy| dt + opdy, if the market is bad, 7 < 0.5

where o, = 2 (X + p) (R — hy) — W2AOS A, oy = 20 /B — 1 AGD' ™ is a (1 x n) row
vector and K™ = i. dvy 1s the same (n x 1) vector of standard Brownian motions with respect

to Fr = o (D,, 7 < t) defined in proposition (1).

Proof. The result follows from the application of Ito’s lemma to h (7). O
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Note that the sign on the term oy, in equation (2) shows that positive news in a bad market
and negative news in a good market increase uncertainty’.

Whenever expansions last longer than recessions, A < u, the unconditional mean 7, will be
greater than 0.50, that is, the market will be good more often than not?. As a result, it follows
from corollary (2) that increases in uncertainty are more likely to arise after bad news than
after good news. We will see below that this asymmetric response of uncertainty to news will
also induce asymmetries in sample moments of asset returns, volatility and covariances.

In this economy investor preferences are represented by a constant absolute risk aversion
utility function:

U(c,t) = —exp[—pt — 7c]

where v is the coefficient of absolute risk aversion and p the time preference parameter.
Under the incomplete information set, F;, cash-flows can be written as dD; = ap;dt + ®dvy,
where ap; = [aipy, .., anpy] and aip; = Oigm + 0;3(1 — m). The investor’s optimization
problem is solved by expressing dD; in terms of the Brownian motion dv,; and including =, as
a state variable. Pricing formulas are obtained by imposing a market clearing condition on the

available shares of the risky assets.

2.2 Asset Prices and Returns

As shown in the Appendix, the asset prices that solve the investor’s problem and clear the

market are given by:
Dy
Py = poi+ . + i + pri + Si () (3)
where S; is the solution to a differential equation given in the Appendix and

po = by (b= b)

2 r2(r+ X+ p)
- (0ic — bin)
T+ A+
. YOim
P = T2

for + = 1,...,n. The market portfolio is the aggregate portfolio P,,; = Z?Zl w; Py

'In what follows, we refer to news as shocks to dv; times the signal to noise ratio A9’®~!. This normalization
will help us compare news across assets and simplify our exposition. For instance, a shock to cash-flows from
an asset with a very volatile process is not as informative as a shock of the same magnitude to an asset with
more stable cash-flows. Also, a positive shock to an anti-cyclical asset is actually bad news about the state of
the economy. Thus, by considering news as A#'®'~'dv,, we do not need to be more specific about the cash-flow
structure of the assets.

2In fact, NBER cycles imply an unconditional mean of around 7, = 0.80
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The S; function in equation (3) discounts cyclical assets and inflates anti-cyclical assets,
generating a premium for holding risky assets. This discount (inflation) reaches a minimum
(maximum) in the interior of m; € (0, 1) if the asset is cyclical (anti-cyclical).

From asset prices, excess returns, variances and covariances can be obtained by direct

application of Ito’s lemma, as the following proposition shows.

e — AP
T Py

process describes excess returns in terms of the model’s parameters:

Proposition 3. Define excess return as R + g—fdt—rdt. Then the following continuous

R, = aipdt+ oipdoy (4)
aip = * —eYw —rS; (m) + S, (m) « +lS{’(7r)a2
iR R r i [ t 3 t b 9 i t T
1 [eld
OiR = o [6; + [S! () + pas) me (1 — Wt)AQ/(I)/_l]

for i = 1,...,n assets, where e; is a (n x 1) vector of zeros and one at the ith row. For the
market portfolio, set i = m and w. Ezxpected excess returns are then given by E;[RS] = a;rdt
and excess return covariance between assets i and j, where i,5 =1,...,n,m, E; [thRj-t}, by:

1

(Tiij = P P [(Az] + Mij(ﬂt)) 71'152 (1 — 7Tt)2 + (B” + Nij(’fft)) Tt (1 — 7Tt) + Cl]} dt
itd gt
where
AO; O
Aij = ’ J 2A9,271A9
2 (r+ A+ p)

B. - o B0R0;

TR (e A )

1
O’U = T—2607Jt (dDit7 dD]t)
Si(m)Ab; + 55(m) Ab;
r(A+p—+r)

M'L‘j(ﬂ-t) = AQ’EilAH SZ/(T('LL)S;(WI‘/)"‘

[Si(m) AG; + S () AG;]

Nij(m) = .

The excess return variance of asset i follows by setting both subscripts above to 1.
Proof. 1t follows by applying Ito’s lemma to the definition of excess returns. n

If the investor is risk-neutral, the discounting function S is zero and expected returns are
proportional to the cash-flow covariance of the asset with the market portfolio, normalized by

prices. If we instead assume the investor is risk averse, expected returns will also depend on



8 2 THE MODEL

the conditional probability m; through the S function. Increases in the discounting of prices,
—rS; (m), and in their sensitivity to m;, S (m;) ., imply higher expected returns. Also, higher
uncertainty will command higher expected returns through the term 157 (m;) 2. In addition
to time-varying expected returns, the model also implies that return covariance and volatility
are stochastic.

Expected returns can also be expressed in terms of the exposure of the asset to the common
sources of risk, or risk factors. In this representation, the risk premium of an asset should
equal its quantity of risk, the conditional beta, times the price of such risk. This decomposition
is convenient as it splits the difficult task of estimating returns into two separate ones, the
estimation of conditional betas and the price of risk. The price of risk is the same for all assets;
conditional betas are functions of second moments which, in theory, should be easier to estimate
(Merton, 1980).

Proposition 4. Expected returns have the following factor representation:
E Ry = AtBimyt + At Bir (5)

where the prices of risk are given by:

2
At = TVPui0lp

Art = [f' () — 7”757,71 (7¢)] 072rt

and conditional betas, defined as Bim+ = ZmE and Birt = ZzE - have the following expressions:
m,R ,R

ag O'ﬂ_

P, (Aim 4 M (7)) B (1) 4 (Bim + Nin (7)) b (1) + Ci

Bim,t - X P} (6)
Pit (Amm + Mmm<7rt)) h (ﬂ-t) + (Bmm + Nmm(ﬂ—t)) h (ﬂ—t) + Cmm
| , Ab;

Birt = B, Din + S; () + h () H (7)

where A, B, C, M and N are given in proposition (3). The functions f and S are solutions to

differential equations given in the Appendiz.

Proof. The expression for expected returns (5) follows by rewriting the optimal demand for
shares, equation (14) in Appendix, in terms of expected returns and substituting for the market
clearing condition, X} = w. Then, scaling the terms by the variances o7,  and o2 p, we obtain
betas and prices of risk. The expressions of betas in terms of the parameters of the model

follow after substituting for the covariances and variances given in (3). O

The first component of expression (5) is the usual conditional CAPM term, with variable

beta and price of risk. The conditional market beta is defined as the ratio of the conditional
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covariance of asset and market excess returns normalized by the conditional variance of the
market excess returns, Sim+ = Oim.r/ afm g- This measure of risk captures the responsiveness of
asset returns to changes in market returns. An asset with a high market beta will be riskier as
it amplifies the volatility, or risk, of the investor’s portfolio. Indeed, the price of market risk
is positive as all elements in \,,; are greater than zero, and assets with high betas reward the

investor with higher returns.

Since we found expressions for returns (see proposition (3)), we can substitute the formulas
and link conditional market betas to the parameters of the model and its underlying state
variables. As equation (6) shows, the market beta is a non-linear function of m; and depends
upon the discounting function S that can only be obtained numerically. In Section 3 we
investigate betas by solving the model for calibrated parameters and computing the S function
numerically. However, we can obtain some results by considering the case of a risk-neutral

investor, which obviates the S function. This case is developed below.

The second term in expression (5) results from the time-varying nature of the investment
opportunity set (Merton, 1973). Note that the drift and diffusion terms of stock returns in
equation (4) are functions of the random variable m; and are thus stochastic. Assets that can
help the investor hedge against future changes in profitability should be more expensive, i.e.
have lower expected returns. The exposure of an asset to this source of risk is measured by its
factor loading, defined as i+ = 0ir g/ 02, which can be rewritten as equation (7). We observe
that assets that are very sensitive to changes in 7, and have a large state shift risk, i.e. a large
Af;, also have large betas. Additionally, as uncertainty is reduced, i.e. h(m;) gets closer to
zero, betas of cyclical assets increase and those of anti-cyclical assets decrease. In the limit,

when h (7;) is zero, the betas diverge to infinity?.

The price of a unit of such risk is given by A,; and it can be positive or negative, depending
on the function f and the market discount S,, function. For the parameters selected in the

next section, the price of risk is positive at lower values of m; and negative for higher values.

2.3 The Risk Neutral Case

In this section we further investigate how conditional market betas differ for assets with distinct
cash-flow structures. In order to do so, we will assume the investor is risk neutral and thus
avoid the calculation of S. Note that the risk neutral betas are also time-varying and nonlinear

in 7, as the risk neutral investor still has to predict the true drift.

Consider first the dynamics of the risk neutral return volatility. Setting S equal to zero, the

3As we will see in the next section, however, the price of this risk is also zero when h () is zero.
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risk neutral variance of asset i follows directly from proposition (3):

1 \?2
Oty = (W) [Aiih (7Tt)2 + Bj;h (m) + Cm’]

where P,fN = poi + Dit /7 + prim denotes risk neutral prices and the constants A;;, B;; and Cj;
are the same ones defined in proposition (3). Note that these constants are positive for both
cyclical and anti-cyclical assets and so variance is increasing in uncertainty. Furthermore, return

volatility of assets with a higher state shift risk is more responsive to changes in uncertainty.

From corollary (2) we know the following: i) good markets are more frequent than bad
markets and ii) in good markets, negative news is followed by an increase in uncertainty whereas
positive news implies a decrease in uncertainty. If we combine this observation with the above
result that volatility increases with uncertainty we have that conditional return volatility of all
assets should respond asymmetrically to news. That is, on average, bad news will be followed
by a larger increase in volatility than good news. This predicted volatility asymmetry has long
been observed in stock returns and was originally attributed to a leverage effect*: negative
stock returns reduce the equity value of the firm and increase the debt-to-equity ratio and
the riskiness of the firm, which ultimately increase variance. Here, the mechanism behind is
closer to the volatility feedback hypothesis of Campbell and Hentschel (1992): negative shocks
increase the required risk premium which further depreciate price to compensate the increase

in the expected return.

Consider now the risk neutral covariance of an asset ¢ with the market:

OimRN = W [Aimh (7Tt)2 + Binh () + C’im]

For cyclical assets, the constants A;,, and B;,, are positive, since Af; > 0 and Af,, > 0, as the
market is by definition cyclical. On the other hand, these constants are negative for anti-cyclical
assets. For simplicity, assume that C},,, the covariance of the asset and market cash-flows, is
positive. Then, the covariance of asset and market returns increase with uncertainty if the
asset is cyclical but decrease if the asset is anti-cyclical. Since the economy is in the good state
most of the time, covariances will also respond asymmetrically to shocks: negative news has a
stronger positive effect upon covariances of cyclical assets than positive news. The opposite is

true for anti-cyclical assets.

Finally, we consider how risk neutral conditional betas respond to news. With S equal to

4Black (1976)
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zero, the market betas from equation (6) are simplified to:

RN Pﬁy % Azmh (7Tt)2 —+ Bzmh (ﬂ't) -+ sz
et szN Ammh (ﬂ-t)Q + Bmmh (Wt) + CYmm

(8)

As discussed above, for cyclical assets and assuming Cj,,, both numerator and denominator
are increasing functions of uncertainty. Depending upon which term responds more strongly
to uncertainty, the asset’s beta will be either increasing or decreasing with uncertainty. An
inspection of the constants A;,., Anm, Bim and B,,, indicates that assets with smaller A#;
than that of the market’s, A#,,, have a decreasing beta in uncertainty and vice-versa. This
pattern is maintained after scaling equation (8) by the ratio of prices. For the anti-cyclical asset,
the market covariance is declining in uncertainty and, as a result, conditional betas decline as
uncertainty increases. As with the other moments, conditional betas are also expected to
respond asymmetrically to news. For assets with large state shift risk, Af; > A#6,,, conditional
betas should on average increase more after negative news than after positive news. However,
for anti-cyclical assets, Af; < 0, or assets with low state shift risk, 0 < A#; < A6,,, conditional
betas increase on average more after positive news than after negative news.

We summarize the findings about risk neutral moments as follows: first, conditional variance
increases with uncertainty, irrespective of the asset’s cash flow structure. Second, the condi-
tional covariance of asset returns and market returns increases with uncertainty if the asset is
cyclical and decreases if it is anti-cyclical. Finally, conditional betas of assets with a large state
shift risk than the average will increase with uncertainty and decrease otherwise. Since these
moments are monotonic functions of uncertainty and uncertainty responds asymmetrically to
news, risk neutral conditional variance, covariance and betas also respond asymmetrically to
news.

In this section, we showed that the above results holds on the assumption that the investor is
risk-neutral. However, as we will see in the next section, similar patterns are observed when the
investor is risk averse. Namely, that second moments of returns are also monotonic functions

of a “risk adjusted” uncertainty, that attains a maximum point slightly to the right of m; = 0.5.

3 Simulation

In this section, we investigate the asset pricing equations by calibrating the model with the
parameter values implied by the U.S. data. This will allows us to numerically compute the S and
f functions and to consider the more general case of a risk averse investor. More importantly,
we will be able to assess whether the model can replicate some of the stylized facts of U.S.
stock returns for a reasonable selection of parameters.

The cash-flow parameters are based on the log-dividend growth of the five book-to-market
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sorted portfolios. For each portfolio, log-dividend growth series are computed from the dif-
ference of monthly returns with and without dividend payouts as in Bansal, Dittmar, and
Lundblad (2005). In order to avoid seasonal variations in dividend payouts, growth is on a
year over year basis. The sample starts in January 1956 and ends in December 2010 and was

obtained from the website of Kenneth French®.

The particular choice of the book-to-market portfolios is motivated by two observations.
First, portfolios sorted on the book-to-market characteristic serve as a benchmark to the per-
formance of asset pricing models. Book-to-market portfolios provided one of the first pieces of
irrefutable evidence of the failure of the unconditional CAPM (Basu, 1977). Largely based on
the poor performance of the unconditional CAPM on these portfolios, conditional (Hansen and
Richard, 1987) and multifactor models were suggested (Fama and French, 1993). Second, these
portfolios have very distinct cash-flow structures. The portfolio with the lowest book-to-market
ratio, the so-called growth portfolio, is usually associated with firms in new industries and with
future profitability prospects. On the other hand, the portfolio with the highest book-to-market
ratio, referred to as the value portfolio, is associated with firms whose shares are at a discount
relative to their current profitability level. These distinct cash-flow structures will result in
different pricing equations.

Also needed for the calibration are the parameters contained in the Markov switching tran-
sition matrix. Since the model requires the profitability of all assets to jointly switch from one
state to the other, it is natural to relate these parameters to the business cycles fluctuations.
The NBER cycles data® during January 1956 and December 2010 indicate that i) 83.3% of the
months were expansionary and ii) the average duration of a recession was 11.22 months against
62.22 months for expansions. These numbers imply the following two-state Markov transition
parameters”: X\ = 0.0165, the probability of going from the good state to the bad state, and
i = 0.0843, the probability of switching to the good state from the bad state.

In Panel A of Table II we compute averages of the log-dividend growth series for the NBER
recession and expansion sub-samples. The sample moments do not vary much across sub-
samples and portfolios. This could be a result that dividend payouts are relatively persistent
and its dynamics may not necessarily coincide with the business cycles. In Panel B of Table 11,
we compute sample means of the assets’ dividend growth for the 16.7% months with the worst
market dividend growth as well as for the 83.3% months with the best growth. We observe that
the value portfolio dividend growth varies the most across the two sub-samples, it shifts from

—14.2% t0 9.7%, and also is the most volatile, 16% in the sub-sample with the longest duration.

Shttp://mba.tuck.dartmouth.edu/pages/faculty /ken.french /data_ library.html

Shttp://www.nber.org/cycles.html

"The duration of an expansion is 1/ and of a recession is 1/u. Additionally, the proportion of expansionary
months is given by p/ (1 + A). Matching the sample values to these measure result in a system of equation that
uniquely define Aand p.
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On the other hand, the growth portfolio varies the least, from 2.3% to 5.2%, but is also more
volatile than the other intermediate portfolios, at 12.4%. In addition to the increase in the size
of Af as we move from growth to value portfolios, the unconditional mean also increases from

growth to value portfolios, 4.7% and 5.9% respectively.

The observed increase in Af across portfolios points to this being an economically mean-
ingful phenomenon. It has long been recognized that value firms are particularly susceptible to
economic downturns (Fama and French, 1993). Growth firms, on the other hand, are less sen-
sitive to current economic condition. In our framework, this translates into a lower state-shift
risk for growth portfolios, a small Af, and a high state shift risk for value portfolios, a larger
A0 with a negative . Furthermore, the cash-flow of growth firms should be more difficult to
forecast than those of firms in already established industries. This would be captured in our
model by a higher volatility of cash-flows, irrespective of the state of the economy. Note that
these portfolios are rebalanced every year and so they track the same firm characteristic, not

the same firms over the years.

So far we have based our analysis of the cash-flow structure on the imposition that ex-
pansions should account for 83.3% of the months. We can avoid this by estimating a Markov
switching model. This approach lets the econometric model to find the parameters in the tran-
sition matrix, p and A, jointly with the state dependent drifts. While most papers have focused
on Markov switching model of stock returns (see Perez-Quiros and Timmermann (2000) and
Guidolin and Timmermann (2008)), fewer have investigated the switching properties of the
cash-flow distribution (Timmermann, 2001). In order to find the good and bad state drifts
and the transition parameters for two recurrent states we estimate a joint Markov switching
model of the five log-dividend growth series. Denote the two possible states by S; = [1,2] and
the log-dividend growth time series by Ad; = [Adyy, ..., Ad,,]". In our first Markov switching

specification (Model 1) we allow only the constant to shift across states, fixing the variances:

Ady = a;+ e, 6~ N(0,diag (o)) (9)
Prob(s;=ils;.1=7) = pi, i=1,2

Following Perez-Quiros and Timmermann (2000), we also estimate a Markov switching model
that allows the transition matrix to be time-varying. The time variation is obtained by pro-
jecting the transition coefficients on lags of the Composite Leading Indicator® (CLI) variable.
Even though our theoretical model uses a constant transition matrix, here the introduction of
the CLI variable will be helpful to identify whether the good and bad states implied by the

8The OECD composite leading indicator (CLI) is designed to provide early signals of turning points (peaks
and troughs) between expansions and slowdowns of economic activity. Source: www.oecd.org/std/cli.
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data are related to business cycles fluctuations. More specifically, we fit the following model:

Ady = a;+e,6~N(0,%) (10)
Prob(s; =ils,.1 =7j) = F(a;+bACLL_y), i=1,2

where F'is the normal cdf, which ensures the estimated parameter is a proper probability. We
estimate 3 versions of this model. In the first version, both parameters a; and b; are included
(Model 2). In a second, we set b; to zero (Model 3) and finally our last version a; equals to zero
(Model 4).

The estimation results for the Markov switching models in Table III show a similar pattern
to that observed in the non-parametric estimations presented in Table II. As before, the value
portfolio cash-flow is more susceptible to changes in the state of the economy than the growth
portfolio cash-flow. In fact, all the Markov switching models indicate that the growth portfolio
has actually a larger constant in state 2 than in state 1. Note that the states are related to
opposite ends of the business cycle, as the sign on the CLI variable is positive for state 1 and
negative for the state 2. Additionally, the implied parameters for the transition matrix are also
similar to the ones indicated by the NBER cycles. The A implied by Model 2 is 0.026, which is
slightly higher than the A implied by the NBER data, 0.016. The probability of switching to
an expansionary state from a recessionary one, p, is slightly lower, 0.064 versus 0.084.

Based on the above discussion, we calibrate the parameters of our model in the following
way. For the transition matrix of the Markov switching process, we set the constants A\ and
i equal to the values implied by the NBER cycles, 0.0165 and 0.0843, respectively. For the
cash-flow parameters of our five assets, which we will denote by Al, A2, A3, A4 and A5, we
follow the general pattern followed by the mean and standard deviation of the dividend growth
rates of the five book-to-market portfolios. The parameter values do not coincide because we
selected the parametrization that matches as close as possible the real data on excess returns®.
As can be seen in Table IV, the first asset, A1, resembles the growth portfolio. Its cash-flow has
the lowest state shift risk among the assets, it is slightly anti-cyclical, Ay = —0.01, it has the
lowest unconditional mean, 4.2%, and the largest volatility o7 = 0.16. At the other extreme is
portfolio A5 that is calibrated after the value portfolio. This asset’s cash-flow has the highest
state shift risk, with Afs; = 0.23, but also the highest unconditional mean at 6.2% and the
lowest volatility at o5 = 0.09. Note that this diffusion term is smaller than the one implied

by the data. This was needed to match sample and theoretical returns'®. The correlation

9Tt should be noted that the model is sensitive to different choices of parameters. One of the difficulties is
that, due to the assumption that cash-flows follow an arithmetic Brownian motion, the resulting asset prices
can have negative signs.

10Tf we imposed a higher variance for A5 cash-flow and kept the state-risk spread, this would have resulted in
a very risky asset with an incompatible high expected returns. We preferred to keep the state-risk spread but
reduce the diffusion risk.
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parameters, p;;, were set equal to 0.25, 0.15, 0.10 and 0.05 for |i — j| equal to 1, 2, 3 and 4,
respectively.

The remaining parameters were set as follows: the risk free rate is r = 0.045, a relatively
high value but still lower than the average one month treasury bill rates over that period (4.9%).
For the risk aversion parameter vy, we follow Veronesi (2004) who sets it at v = 1 for a similar
simulation exercise, marginally increasing it by 0.1 so that the calibration numbers get closer

to the sample counterparts.

3.1 Ex Ante Moments

Table IV shows the moments implied by the model at the unconditional mean m;, = 7, and for
fixed cash-flow levels set at 1''. The numbers in Panels B and C show that, for reasonable
parameters, the model’s implied asset returns and standard deviation are very close to their
sample counterparts. The dividend yields preserve the ranking order, lower for A1 and higher
for A5, but not the spread observed in real data. A higher dispersion of dividend yields could
be obtained at the expense of a higher spread in the expected returns.

In Figure 1 we show the theoretical formulas for all values of 7;. In the first plot, we have
the prices of all assets. We observe that asset A1 has the highest price on almost all the domain
of m;. This asset is the least profitable, but because it is also less susceptible to changes in the
economic conditions, it is also less risky. On the other hand, A5 is the most profitable one, but
because it has a higher state shift risk, it is more heavily discounted. Note also that the price
of this asset is very responsive to changes in economic conditions.

The plot with conditional expected returns indicates that assets’ risk premia vary substan-
tially with 7;. In particular, we observe that for asset A5, it can go from 3% to 14% as we go
from low to high uncertainty. For all the other cyclical assets, A2, A3 and A4, expected re-
turns are also increasing with uncertainty. However, for the anti-cyclical asset A1, the expected
return is relatively flatter and declining with uncertainty.

As we saw in proposition (4), an asset’s expected return can also be expressed in terms
of the exposure of the asset to the common sources of risk. Figure 1 shows that the price of
state uncertainty, A\, can take on both signs. When the economy is close to the bad state,
the price is positive but also close to zero. On most of its domain, however, the price of this
risk is negative and reaches a minimum at around 7; = 0.70. Furthermore, at points of very
low uncertainty, the price is zero. To assess if this factor is a relevant component of expected
returns, we also have to look at the conditional betas, f;r;. As can be seen in Figure 1, these
conditional betas are very low and close to zero for most values of m;. When the uncertainty is

very low, the betas increase substantially in absolute value but at the same time the price of

1When the levels of cash-flow are at one, the drift parameters better approximate the log-dividend changes
that were used to calibrate them.
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such risk converges to zero.

In order to have a better idea of the relative importance of the risk factors, consider the asset
with the highest exposure to the common sources of risk, A5. The state uncertainty premium
for this asset reaches a maximum (in absolute terms) at m; = 0.75 when Ayfs5,: = —1%.
At the same point, the risk premium for its exposure to market risk is much larger, around
AmtBsme = 15%. This has also been observed by Merton (1980), who pointed out that the
market portfolio was likely to be the most important factor in determining expected returns.

Now consider the market risk factor. The conditional market betas have a similar shape
to that observed when the investor is risk neutral, as determined analytically in the previous
section. Note first that the conditional variance of all assets increases as m; moves away from 0
and 1 and uncertainty increases, as was shown in the risk neutral case. Similarly, the covariance
of asset and market returns increases with uncertainty for cyclical assets (A2, A3, A4 and A5)
but decreases for anti-cyclical assets (A1). Finally, as we concluded in the previous section, the
conditional market betas increase with uncertainty for large state shift assets (A4 and A5) but
decrease for lower state shift assets (A1, A2 and A3).

The difference with respect to the risk-neutral case arises at the precise point where these
functions attain a maximum or a minimum. In the risk-neutral case, the maximum and min-
imum values coincided with the point of maximum uncertainty, at 7; = 0.5. However, when
the investor is risk-averse, the functions reach the extreme value to the right of that point,
around m; = 0.60 in our calibration. This rightward shift is also observed in the single asset
case considered in Veronesi (1999) and increases with the level of risk aversion. Thus, the
second moments of returns should be regarded as monotonic functions (either increasing or
decreasing) in a ‘“risk-adjusted” uncertainty, that attains a maximum to the right of the “risk-
neutral” uncertainty, m; = 0.5. Because of this rightward shift is relatively small and for ease
of exposition, in what follows we will consider the risk-averse functions of second moments of
returns as monotonically increasing or decreasing in uncertainty.

Finally, we observe that the price of market risk is positive and increasing with uncertainty.
It reaches a maximum at m; = 0.60 of about 8% and a minimum of 3% at m; = 1. For the
unconditional mean of the state probability, m, = 0.83, the price of market risk is close to 6.5%
and very close to its historical sample mean'?.

We now turn to the question of which of these two terms, A, or B+, is the most relevant
one to the dynamics of expected returns. An inspection of Figure 1 shows that for the assets at
the two extremes of the spectrum, A1 and A5, both the conditional betas and prices of risk are
equally important. Consider for instance a shift of the economy from 7 = 0.90 to m = 0.50.

The market price of risk, A, increases from 4.93% to 7.81%, a change of 158%. At the same

12The price of market risk is often estimated by the sample mean of the market portfolio excess return over
a long period.
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time, the A5 conditional beta also change significantly, from 1.327 to 1.868, an increase of
141%. The change in the Al market beta is also important but in the opposite direction, it
decreases from 0.72 to 0.42. On the other hand, most of the dynamics of A2, A3 and A4 are
dictated by the price of market risk, as the variation of their market betas is relatively smaller
than the variation in the price of risk. This illustrates the importance of a correct specification
of market betas. For some assets, it is indispensable to allow market betas to vary. For other
assets, this may not be the case and the incorrect specification of a time varying beta could
even do more harm than good, as was pointed out by Ghysels (1998).

So far we have considered the theoretical implications of the model at all possible values
of ;. However, the investor’s belief about the state of the economy is a random variable, and
does not take all values with the same probability. In the next section, we will address this

issue by generating random draws of this variable and computing ex-post sample moments.

3.2 Ex Post Moments

In the previous section we analyzed the ex-ante formulas of returns and betas for all possible
values of the state variable, 7;, and for fixed cash-flows, D;. In this section, we generate time
series of cash-flows for all assets and compute the resulting optimal investor belief, m;. The
simulated data will allow us to assess which are the relevant values of the ex-ante formulas and
to compute ex-post moments.

For the simulation exercise, we generate a sample of six years of daily data. We avoid
selecting a longer time period because of our assumption that cash-flows follow an arithmetic
Brownian motion. As the cash-flow level moves away from its starting value, one, the drift of
the stochastic process becomes a worse approximation of percentage changes, the scale used for
the calibration. On the other hand, we cannot select a smaller sample because of the duration
of recessions and expansions implied by the transition matrix parameters. The six year time
frame permits an expansionary period of five years and a recession of one year that coincide with
the average durations and proportions of good and bad months, 83.3% and 16.7% respectively.

We will consider three cases with different economic conditions. In case A we have a bull
market, the economy is in the good state the whole period. In case B we have normal economic
conditions, there is one expansionary period that lasts five years and one recession that lasts
one year. Finally, in case C we have a bear market, two out of the six years are recessionary.
For each case, 500 histories are generated.

In the first column of Table V we show the averages and standard deviations across histories
of the ex-ante and the ex-post excess returns. As expected, cases A and C result in biases in
excess returns. In case A, the sample is favorable to the value portfolio. The annual average
realized return of asset A5 is around 9% and the average annual expected returns is 4%. On the

other hand, in case C, the value portfolio underperforms, with an annual average realized return
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of 4.8% against an average expected return of 7.6%. The opposite holds for the growth portfolio.
It underperforms in case A but overperforms in case C. When the economic conditions are the
ones implied by the transition parameters, as in case B, expected returns generally match
realized returns. The values do not coincide, however, because of the approximation imposed
by the assumption that cash-flows follow arithmetic Brownian motions, a point also observed
byVeronesi (2004).

Table V shows that these pricing biases are also captured by the unconditional CAPM
pricing error, the alphas. We observe that in bull markets, as a result of this overperformance
in terms of excess returns, the value portfolio has a substantial positive alpha across histories.
Additionally, growth portfolios display negative alphas, a result of the lower profitability across
histories. The reverse result holds for the bear market. For case B, the alphas are close to
zero. As we observed, a value premium result in the unconditional CAPM when an unfavorable
sample is selected. Ang and Chen (2007) have also pointed to this potential problem in empirical
applications for U.S. stock data. The authors show that the alphas in the unconditional CAPM
model are insignificant if the sample period considered is long enough. They observe that most
studies on the value premium consider only the post 1963 sample and this omission turns out
to be crucial.

Since our goal is not to address the value premium puzzle but to derive theoretical im-
plications about conditional betas, the next section will only consider the unbiased histories

generated under case B.

3.3 Conditional Moments

We have seen that conditional market betas can vary substantially with the economic conditions,
particularly the betas of assets A1 and A5. In order to see to which extent this time variation
is relevant, we need to understand how news are incorporated into uncertainty and betas. In
this section, we verify this by means of an econometric model fitted to the simulated data.
The framework of choice for this task is the family of GARCH models. Multivariate GARCH
models capture time variation in covariances by a deterministic auto-regressive function of past
return shocks.

We start our analysis of conditional moments with the conditional variance. We fit an uni-
variate GARCH model to the simulated sample excess returns. In order to allow for asymmetric
responses we introduce an extra term in the conditional variances. Let u; = RS, — F [R5,] denote

the mean-adjusted excess returns. Then, the conditional volatility is specified as
Oitr1 = K+ 005 + VUit + V- L, <o) Uit

where 1p,,,<o is an indicator. In Table VI we show the averages, standard deviations and
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quantiles of the estimated parameters across the 500 histories for each asset. The following
remarks are in order: first, we observe that conditional volatilities are very persistent, the ¢’s

are high and close to one, a well known stylized fact about stock returns.

Second, negative shocks to returns are more important to future volatility than positive
shocks. The coefficients on the negative shocks term, y_, are much higher than the coefficients
on the symmetric shock term, . Note that for all assets, including the anti-cyclical one, A1, it
is the case that negative shocks are followed by higher volatility than positive shocks. This is

another well known stylized fact and has been referred to simply as volatility asymmetry.

Finally, assets with cash-flows that are more exposed to shifts have stronger asymmetries.
The average leverage coefficient across the 500 histories for asset A5 is 0.089 while for asset
Al it is only 0.016. This was expected, as the A5 pricing equation is the most responsive to
changes in uncertainty. Furthermore, shocks to A5 are also the most informative ones, as it
has the highest signal to noise ratio among the assets. These two characteristics of A5 magnify

the asymmetric response of uncertainty to news, which drives the results.

We now turn our attention to the covariance dynamics of asset and market returns. The
theoretical expressions show that the covariance of cyclical assets increases with uncertainty
while it decreases with uncertainty for anti-cyclical assets. Furthermore, because uncertainty
responds asymmetrically to news, we also expect positive and negative shocks to returns to

have distinct impacts on the conditional covariance.

In order to assess whether such dynamics are present in the simulated data, we estimate
conditional covariances using an asymmetric multivariate GARCH model. More precisely, we
follow the BEKK specification of Engle and Kroner (1995) and introduce asymmetric terms
as in Hafner and Herwartz (1998). For computational convenience, we will focus on bivariate
models of asset excess returns and market excess returns.

Denote demeaned excess returns by u; = RS, — E'[R] fori = 1,...,n,m, and u; = [t U] -
Let y; = o (u,, 7 < t) be the conditional information set generated by past observations. The
conditional joint distribution is assumed to follow wu,|y; ~ (O, Et|t_1) with conditional covariance

given by

Zt\t—l = C/C -+ A/Et—1|t—2A -+ B/ut,luile (11)

1 us_y <o) Dyws—1uy 1 Dy + 1py, o <o Dytg—1ty_ Do

where A, B, D; and Dy are 2 x 2 matrices and C an upper triangular matrix. Matrices D, and
Dy are new to the BEKK formulation and add the necessary flexibility to capture asymmetric
responses of the covariance matrix to shocks to the portfolio and the market. Assuming that
the joint distribution is normal, parameters are estimated by maximizing the log-likelihood

function. The asymptotic distribution of the estimates is generally unknown and the results
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can only provide a description of the data set (Herwartz and Lutkepohl, 2000).

The estimated parameters of equation (11) for a simulated history are shown in Table
VII. We note that the introduction of asymmetries affects all assets. The likelihood ratio test
indicates that the difference in the likelihoods of the symmetric BEKK and the asymmetric
BEKK with matrices Dy and Ds, is statistically significant after controlling for the inclusion of
the extra parameters. Except for asset A5, asymmetry at the asset level captured by the matrix
D; is less important than market asymmetries. As shown above, this asset is very informative
about the state of the nature and so shocks to this asset’s past returns are more likely to be
related to changes in profitability level.

We can also see that asymmetries are relevant by noting that the parameters on matrices
Dy and D are significant and relatively large. In order to have a more precise notion about
the dynamics implied by these parameters, we compute the impulse response function (IRF)

for covariances. To do that, we rewrite BEKK parameters in vector form:
vec () = C+ Avec(3-1) + Bvec (wpuy) + Dilp,, ,<ovec (uguy) + Dol <ovec (uguy)

where C = (C® C) vec(ly), A = (A® A)Y,B = (B®B), D; = (D,®D;) and D, =
(Dy ® Dy)'. wvec is an operator that stacks the columns of a matrix and I, is a (2 x 2) identity
matrix. In our case, vec (X;) will then be a (4 x 1) vector, with the first element being the asset
return conditional variance, the second the conditional covariance of the asset return with the
market return and the last term the market return conditional variance. Hafner and Herwartz
(1998) define the impulse response function as V; (&) = E [vec (2;) |0, Xo], which can be com-
puted by starting the above auto-regression at the long run value of the covariance matrix, X,

and perturbing it with standardized shocks, . At ¢t = 1 we have
Vi(&) = C+ (B+ lig,<oD1 + Ligy,.<01D2) vee (S12£&)SY?) + Avee ()

and for ¢ > 2

Vg = O+ (T+B+ 2+ 22 ) v (&)

Figure 2 shows the impulse response functions of the covariance of assets A1 and A5 returns
with the market return. In the first panel we show the responses of the covariance to shocks
on the asset returns for a period of 22 days. We note that negative shocks to the anti-cyclical
asset A1 do not change its covariance by much. Large positive news, however, tends to decrease
the covariance but only for a short period of time. On the other hand, negative news tends to
increase substantially the covariance of A5 with the market and for a long period of time. Note

that positive news does not change the covariance of A5 and market returns by much.
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Consider now the second panel of Figure 2. There we see how shocks at the market level
change conditional covariances. First, we observe for A5 a similar pattern to that which arises
when the shocks are originated by the asset itself. The IRF for Al is different from the previous
plot. Indeed, shocks to the market are more likely to be originated from other, more informative
assets, which are also cyclical assets. As a result, negative shocks to these assets indicate, on
average, that uncertainty has increase and, as we have seen from our theoretical equations, the

covariance of anti-cyclical assets declines with uncertainty.

Finally, we investigate the dynamics of the conditional market betas. The betas can be
computed from the parameters of the bivariate asymmetric BEKK models fitted above. In
order to illustrate how news are incorporated into the betas, we compute a beta IRF. Following
Hafner and Herwartz (1998), we define the beta IRF as the ratio of the covariance IRF and

market variance IRF:

bul) = vl

mit (€0)
where V1 (&) and V,,, ¢ (§o) are the second and fourth elements of the vector V; (§). In the first
panel, we induce shocks from —2 to 2 standard deviations to asset returns and track the response
of market betas for 22 days. We observe that negative shocks result in opposite responses of the
betas. The conditional beta of the anti-cyclical asset A1l declines with negative shocks. Note
that the decrease in the market beta of A1 was a result of the increase in the market variance,
given that, as shown above, the covariance of the asset with market returns did not change
with negative news. On the other hand, negative shocks to asset A5 increase its conditional
betas. Both changes are persistent and last well over the 22 days, particularly after shocks
above one standard deviation. Finally, positive shocks to returns reduce both conditional betas
and again illustrate the asymmetric response of betas to news. For Al, positive and negative
news reduces betas, but to a lesser degree if shocks are positive. For our cyclical asset, A5,
negative news increases betas whereas positive news decreases it. Also, the change induced by

positive news is short lived if compared to the persistence of negative shocks.

In the third panel of Figure 3 we show the betas IRF for a combination of market and asset
return shocks after 22 days. First we observe that the most important changes to conditional
betas occur when both shocks to the market and to the asset are negative. On this quadrant,
(—,—), Al conditional beta decline and A5 betas rise after 22 days. In the opposite quadrant,
(4, +), the resulting changes are also the opposite. The market betas seem to respond the
least when both asset and market shocks are positive. For asset A5, negative shocks at the
asset level are more relevant to the increase in beta. On the other hand, for asset A1, negative

shocks at the market level are more important to the decline in betas.
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4 Conclusion

In this paper we showed how different cash-flow structures combined with uncertainty about the
state of the economy can generate enough cross-sectional variation in asset returns to match the
sample moments of the book-to-market portfolios. The key elements behind the cross-sectional
variation are the opposite features of the value and growth cash-flow structures. In particular,
the value portfolio cash-flows are very susceptible to changes in the overall economic conditions

while the growth portfolio cash-flows are the least responsive to fluctuation from business cycles.

The model allows for expected returns to be decomposed into asset exposure to two common
sources of risk: the market portfolio and the conditional probability of the good state, ;. The
calibration showed that the market portfolio is by far the most important risk factor of the
two. Thus, a well specified conditional CAPM can provide an accurate description of expected

returns.

The factor decomposition of expected returns uncovers rich time-series dynamics of condi-
tional betas and prices of risk. First, we observed that time variation in both market betas and
the price of risk are important in determining the value and growth portfolios expected returns.
For the other intermediate portfolios, most of the time variation in expected returns originated
in the price of risk. This indicates that the correct specification of conditional market betas
may be important not only to potentially address the value premium puzzle, by permitting
time-varying betas to capture substantial changes in risk, but also to avoid overfitting betas

when time-variation is less important.

Another feature of the conditional market betas implied by the model is their asymmetric
response to positive and negative news. This asymmetric response to news is a consequence of
two results. First, uncertainty about the state of the economy increases with negative news and
decreases with positive news when markets are good (that is, when the economy is more likely
to be in the good state, m; > 0.5). However, if markets are bad, i.e. m; < 0.5, the opposite is
true. Since the economy is more frequently in the good state, from the very nature of business
cycles, negative news is more frequently followed by an increase in uncertainty than positive

news. Second, conditional betas are monotonic functions of uncertainty.

Combining the two results we have that conditional market betas are more responsive to
negative news than to positive news. More specifically, if the asset’s profitability is very sus-
ceptible to changes in the economy, i.e. a larger A#; than the market average, its conditional
beta will increase in response to negative news. On the other hand, if the asset’s profitability
is less susceptible than the average portfolio, then its conditional beta will decrease in response

to negative news.

Similar asymmetric responses are also observed in the variances and covariances of returns.

Conditional variances will increase after negative news irrespective of the asset cash-flow struc-
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ture. This is a well known stylized fact about stock returns and has been attributed to a leverage
effect (Black (1976)) and to a volatility feedback effect (Campbell and Hentschel (1992)). Con-
ditional covariances will increase after negative news if the asset is cyclical but decrease if the
asset is anti-cyclical. This excess comovement of stock returns after downturns has also been

observed in real data, for instance on international stock markets (Ribeiro and Veronesi (2002)).
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5 Appendix

The problem of the representative investor has two parts. In the first part, the investor opti-
mally infer the conditional means of the cash-flow processes. In the second part, the investor
maximize the utility function subject to the intertemporal budget constraint, with choice vari-
ables consumption, {¢,;}, and demand for assets, {X;}, X; = [21;... ;). The maximization is
solved using the Bellman-Hamilton-Jacobi equation with two state variables, wealth, W;, and
the belief ;.

Recall the assumptions about the available assets in this economy. There are n risky assets
in this economy that pay a continuous stream of cash-flows: dD; = 6,dt + ®d&;. The random
vector 0y, is not observed by the investor, who only knows the values it can take, [0¢, 0], and

that it follows a 2 state Markov process with the following infinitesimal transition matrix:

A A
M =
poo—p
with A = Prob (0,14t = 0|0, = 0g) and p = Prob (0,4 = 0|0y = 05). The lemma (1) shows

that the investor’s optimal beliefs about the state of the economy conditional on F; = o (D,, 7 < t)

can be represented by the following stochastic differential equation:
dﬂ't = (/\ + ,u) (7Ts — 7Tt) dt -+ T (]. — 7Tt) Agl(l),_ld’l]t

Under this incomplete information set, F;, cash-flows can be written as dD; = ap,dt + ®dvy,
where ap; = [a1p 4, s npy) and aipy = Oigms + Oip(1 — 7).
With the optimal beliefs already defined, we now turn to the utility maximization problem.

First, since the risk free is inelastically supplied, the budget constraint is given by:

= Xt{ (dPt + Dtdt - T’Ptdt) + (Wt’f’ - Ct) dt
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where X; = [z1; ... 4] are the demand for asset shares and P, = [Py, ... P,;] the asset prices.

As in Veronesi (1999), first conjecture a functional form for prices and then find are param-
eters that solve the problem. The conjectured form is linear in D, but possibly non-linear in

7y, through the function S;:
Py = pio+ Dinme + pipDit + pi + S (1)
and by Ito’s lemma we obtain:

dPy = apdt+o,dv, i=1,....n

1
aip = (Pir + 5; () o + Pipmae + 552' (m) b (m)* H
Oip = h (7Tt) (piﬂ' + SZ/ (7&)) AP+ PiD0;

with the simplifying notation o, = (A + p) (7s — 7)), h(m) = m (1 — ) and H = A0S TAS.
Furthermore, denote the vector of price changes by: dP, = a,dt+®,dv;, where o, = [a1p, ..., oznp}/
and @, is a n X n matrix that stacks the row vectors o;,, and X, = <I>p<I>;,. Substitute the con-

jecture prices into the budget constraint to obtain:

AWy = [X](ap+ Dy —rPB) + Wyr — ¢;] dt + X;®pdv,

Risk Neutral Prices

The parameters py = [p1o, ..., Pnols Pr = [Pirs--r Pux] and pp = [pip,...,pnp] are found by
solving for risk neutral prices, Pi’tN :

oo o0

PﬁN = E /ersDi,Hst :/emEt [Diiys) ds
0 0
where the equality follows from Foubini’s theorem. Since, D;:ys = Dy + fos QGp AT +

0; (vi1s — vy), the only conditional expectation that matters is fos Ei|aip g+ dr. For this, we
need the eigendecomposition of the infinitesimal transition matrix M to compute the transi-

tion matrix over 7 periods. The eigenvalues of M are 0 and — (A + u) with corresponding
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eigenvectors [11]" and [—1 ﬁ}/. The transition matrix over 7 is:

A
-1
1—1][607 0 ”1—1]
—(A T
1 & 0 e (Fm 1 &

1 pA AemAFIT X — Nem(FT
()\ -+ ILL) n— ue_(A"!‘P‘)T )\ —+ ﬂe_(A+N)T

P(r) =

and so Ey [a;pt4r| = [m 1 — ] P (7) [Oic 0:8) = Oi+A0; (1, — ) e= AT where my = pu/ (11 + )

and 0;; = O;gms + 0;5 (1 — 7s). Now, the conditional expectation of cash-flows are:

s

E; [Di,t+u] = D+ / [61-8 + AbG; (7 — m5) e*(/\+H)Ti| dr
0

AO: (7. —
= D+ 0,55 + M {e—()\-iru)s _ 1}
A+

and finally, risk neutral prices are found by continuously discounting expected dividends at the

risk free rate:

[e.o]

Ael s _
PZ%N = /G_Ts |:th + 91'53 + —(ﬂ- —Wt) [6 (Ap)s _ 1j|:| dS
’ A+
0
- Dit 4 01'8 A@Z (7T5 - 7Tt) 1 . 1
oy 72 A p r (A+p+r)
= Dio + PirTt + PinDit
where
B Oip AT
Po = 72 2N+ pu+r)
B Ab;
Pin = r(A+p+r)

pPip =

S|
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Risk Averse Prices

To solve for the risk aversion case, we need to solve the investor problem:

J Wy,m,t) = max E /U(cs,s)ds

{ee, Xt}
st. dWy = [X{(ap+ Dy — rP,) + Wyr — ¢;] dt + X{®,dv; (Budget Constraint)
X, = [wi..wy)=w  (Market Clearing)

This problem is solved using the Hamilton-Bellman-Jacobi equation:

E, |dW, E,|dr 1 E, [dW?
1 Et [dﬂ'?] Et [thd’ﬂ't]
_Jﬂ'ﬂ'— J T 7,
i dt v dt
where we have that:
Et [th] = [X; (Oép + Dt — T’Pt) + WtT — Ct] dt
B [dWE] = X[5,Xdt
Et [dﬂt] = CYﬂ-dt

E; [dr}] = h(m)® Hdt
t[thd'ﬂ't] == X/q)pO';.dt

A solution to problem, ¢; and X}, satisfy the first order conditions:

0 = UC(C:,t) - JW
0 = JW (CYp + Dt — Tpt) + JWszXt + Jwﬂq)pd; (12)

In order to advance, we have to conjecture a functional form for the value function. Following
the univariate model of Veronesi (1999), we set J (W, m,t) = —exp (—pt — ryWy — g (m) — B)
where ¢ (m;) is a function to be determined and § a constant to be defined. Substituting
the partial derivatives of the conjecture value function and of the utility function, U (¢, t) =

—exp (—pt — ~y¢), on the first order conditions we obtain:

o = % (ryWi+ g (m) + 5 —In(r)) (13)

* | 9 (M) (1
Xt = EEP (Oép + Dt — TPt) — oy Zp CI>p0; (].4)
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We have an extra equation that will help to identify the problem. Evaluate the HJB equation

at the maximum and set it equal to zero:

0 = —exp(—pt—rcf)—pJ —ryJ [ X{ (o + Dy —rP) + Wir — ] — ¢' () Jar + (15)
1 . 1 «
5 (ry)? JX'S, X + 5 (=9"(m) +g (1)) Th (m)* H + rvg (7)) JX 7,00,

Before we proceed, we can simplify the expression for oy, + D, — r P, by substituting the param-

eters that were obtained for the risk neutral price, p;o, pir and p;p.

1
®ip+ Diy — Py = (pir +5; (7)) ax + pinDi + 552, (m) h (Wt)Q H + Dy
—7 (pio + PinTt + PipDit + pi + Si (1))
1
= —rpia —rS; (m) + S, (m) ax + 55{’ (m¢) Hh (7rt)2

Take the above simplification, the expression for ¢; from the first order condition (13) and the
market clearing X;° = w and substitute them in the equality (15) to get:

0 = v gy [ (< S () 4 S () ag 4 S () ()t ) - £ 2 )

rvg (m) [w' (b (m) (pr + S (7)) AOD ™ + pp®) (DAL ()] +

5 (71 [ (1) (e + " (1)) A0 4 pp®@) (B () (b + S () AFD 4 p®)' ] +

1

B (—9” (m) + g (7Tt)2) h (7Tt)2 H — ¢ (m) o

where we have used the notation p,,1 = W'p1, prmr = Wpr, A0, = W AD. Also, let 02 = W'Sw
and o, = e/Xw denote the variance of the market portfolio cash-flow and covariance of the
market and asset i cash-flows, where e; is a vector with zeros and one the ith position. Note
that in the above equation the S = [, ..., S,]" vector of functions is multiplied by the market
clearing vector w and so the equality only depends on S, = w'S. After some simplifications

and substituting f () = g (m¢) +r7Sm () we get the following nonlinear differential equation

for f (m):

0 = —f"(m)Qs(m) + (f (Wt))Q Q3 (m) + f' (70) Q2 () + f (me) r + Qo (1)
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where

Qs (m) — %hQ (m) H

B 5 A,
Q2(m) = Y (7e) Ay +ryh (m)” H - rp+r) T
1 ryh (m) Ab,, 2 9 AB?
Ly (rhim) Abm e
Qo () 5 (r(r—l—u-i-)\)) +r’yh(m)r(7’—|—,u+/\)

where some extra terms in (g (7;) were eliminated after choosing appropriately the parameters

£ and pq:

P T 2
= —+in(r)+—o,—1
Pl = —%eng
r
which in vector notation is p; = —-%¥w. This non-linear differential equation f is the same

one in Veronesi (1999) and it was shown there it has a unique solution on the relevant domain,
T € (0, 1)

Next, we have to find the individual discounting functions, S;. In order to do so, we use the
first order conditions (14) for asset demands, X/, and the market clearing condition X; = w

to get the equalities:
ryE,X; = (ap+ Dy —rP) =g (m) por

r2

— (' (m) = ryS,, (7)) Ppor,

1
ryS,w = (—r ~Iyw S () + S (m) e + 55” (m¢) Hh (7rt)2>

If we left multiply both sides of the above expression by e;, i = 1,...,n, we get individual

expression for S;:
1
TYCimyp = (—r — %Jim —rS; (m) + S} (m) ar + 55’;’ (m¢) Hh (7rt)2>
— (f" (me) = rvSy, () oipoy

that if we substitute for oy, ,, 0ip, 0im and o, and rearrange the terms, we observe that the
market discount function S, (7;) cancels out and a differential equations for each asset i =1, ...n

is obtained:

0 = S/'(m)Ps(m) + Si(m) Po(my) + Si(m) 7+ Pro (4)
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where
1 2
Py (m) = _ih (m) H
Pa(m) = b () My 90 () H s () HF () = 0
B ABO;AD,, h(m) H , h(m) H 1
Folm) = ~h(m) om0 <2+ (r+u+>\)> + 5 (m) 864 (m) (m +?)

This differential equation is essentially the same one in Veronesi (1999). We refer the reader
to that paper for a proof that a solution exists on relevant domain, m; € (0,1). Note that only
the last term, Py (7;), varies across assets. Furthermore, we observe that if two assets have the

same A#; they will share the same discounting function.

Graphs and Tables
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TABLE |
Descriptive Statistics: 5 Book to Market Sorted Portfolio (1950 - 2010)

Descriptive statistics computed over a monthly sample of annualized log-excess returns, log-dividend growth and
dividend yield. Risk free rate is the return on the 1-month t-bill. Market is the value weighted return on the CRSP

market portfolio.
Mean Stdev  Skew Kurt Min 10th 50th 90th Max
Low 20 0.084 0.180 -0.651 3.510 -0.635 -0.174 0.106 0.294 0.567
Qnt 2 0.097 0.163 -0.615 3.695 -0.517 -0.116 0.115 0.294 0.488
Log Returns Qnt 3 0.108 0.157 -0.991 5.453 -0.666 -0.094 0.128 0.286 0.509
Qnt4 0.114 0.167 -1.122 5.958 -0.747 -0.090 0.141 0.298 0.483
High 20 0.129 0.182 -0.730 3.996 -0.623 -0.117 0.160 0.321 0.594
Low 20 0.035 0.181 -0.692 3.487 -0.713 -0.226 0.055 0.244 0.485
Log Excess Qnt 2 0.048 0.164 -0.624 3.548 -0.595 -0.175 0.068 0.244 0.406
Returns Qnt 3 0.059 0.159 -0.909 4.841 -0.679 -0.154 0.084 0.234 0.469
Qnt4 0.065 0.166 -0.986 5.359 -0.760 -0.138 0.092 0.247 0.482
High 20 0.080 0.182 -0.564 3.786 -0.636 -0.164 0.110 0.265 0.593
Low 20 0.047 0.121 0.006 6.382 -0.402 -0.083 0.045 0.172 0.535
.. Qnt 2 0.046 0.115 -0.502 5.697 -0.467 -0.087 0.057 0.158 0.451

Log Dividend

Growth Qnt3 0.055 0.107 -0.303 5.119 -0.425 -0.056 0.052 0.188 0.375
Qnt 4 0.048 0.130 -2.387 14.972 -0.843 -0.083 0.069 0.167 0.327
High 20 0.058 0.227 -3.018 17.559 -1.49 -0.151 0.100 0.263 0.407
Low 20 0.020 0.008 0.383 2.396 0.006 0.011 0.019 0.032 0.040
Qnt 2 0.030 0.011 0.448 2.520 0.012 0.017 0.031 0.047 0.066
Dividend Yield Qnt 3 0.037 0.014 0.443 2.712 0.013 0.018 0.037 0.057 0.079
Qnt4 0.041 0.016 0.147 2.192 0.013 0.019 0.042 0.065 0.083
High 20 0.040 0.016 0.402 2.840 0.007 0.019 0.038 0.062 0.094
Risk Free 0.049 0.027 0.794 3.836 0.000 0.018 0.048 0.085 0.142
Market Excess Ret 0.044 0.167 -0.838 4.020 -0.612 -0.181 0.079 0.229 0.458

Div Growth 0.050 0.064 -0.167 5.478 -0.206 -0.021 0.048 0.127 0.263




TABLE Il

High and Low Dividend Growth (Sample Moments)

Panel A describes the NBER recession and expansion cycles. Panel B, moments of the log-dividend
growth series were computed for the NBER recessionary and expansionary subsamples. In Panel B,
we also compute sample averages of the assets' dividend growth for the 16.7 % months with the
worst market dividend growth as well as for the 83.3 % months with the best growth.

Panel A : NBER Cycles (1956-2010)

Sample (months) Implied Transition Matrix

Rec. Exp. Exp. Rec.

Avg. Duration 11.22 62.22 Exp. 0.984 0.016
Proportion 0.17 0.83 Rec. 0.080 0.920

Panel B: Log-Dividend Growth Sample Moments

NBER Series Threshold

Mean Std. dev
Full Rec. Exp. Full Rec. Exp.
Low 20 0.047 0.027 0.051 0.121 0.074 0.128
Qnt 2 0.046 0.007 0.053 0.111 0.121 0.107
Qnt 3 0.057 0.049 0.058 0.103 0.119 0.100
Qnt 4 0.051 0.056 0.050 0.127 0.064 0.135
High 20 0.059 0.097 0.052 0.223 0.110 0.239
Mkt 0.051 0.037 0.054 0.066 0.052 0.068
Market Threshold
Mean Std. dev
Full Highest Lowest Full Highest Lowest
Low 20 0.047 0.023 0.052 0.121 0.100 0.124
Qnt 2 0.046 0.004 0.054 0.111 0.144 0.101
Qnt 3 0.057 -0.002 0.068 0.103 0.137 0.092
Qnt 4 0.051 -0.031 0.067 0.127 0.214 0.094
High 20 0.059 -0.142 0.097 0.223 0.344 0.167

Mkt 0.051 -0.045 0.070 0.066 0.047 0.052

33
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TABLE IV

Calibration

Panel A shows the parameters that were used to calibrate the model. Mu and lambda are the
parameters of the transition matrix, gamma the risk aversion parameter and r the risk free
rate. In Panel B, shows the theoretical values implied by the model for a fixed cash-flow of 1

and at the unconditional mean of beliefs. Panel C presents the empirical sample moments
implied by the 5 book-to-market porftolios monthly returns from 1956 to 2010.

Panel A: Calibrated Parameters

Cash-Flows Al A2 A3 A4 A5 Market
Good State Drift 0.040 0.059 0.066 0.074 0.100 0.068
Bad State Drift 0.050 0.000 -0.020 -0.040 -0.130 -0.035
Std. 0.160 0.135 0.130 0.130 0.090
Economy mu 0.08 risk free 0.045
lambda 0.02 gamma 1.10
Panel B: Theoretical Moments
Al A2 A3 A4 A5 Market
Excess Returns 3.49% 4.85% 5.51% 5.95% 8.22% 5.57%
Std Deviation 0.151 0.135 0.141 0.152 0.213 0.104
Dividend Growth 0.042 0.049 0.052 0.055 0.062 0.051
Dividend Yield 0.0415 0.0418 0.0424 0.0421 0.0443 0.0424
Market Beta 0.55 0.84 0.98 1.08 1.59 0.062
Hedging Beta -0.01 0.07 0.10 0.13 0.29 -0.027
Risk Neutral Beta 0.89 0.97 1.01 1.02 1.09
Panel C: Empirical Sample Moments
Al A2 A3 A4 A5 Market
Excess Returns 3.47% 4.77% 5.86% 6.47% 7.97% 4.42%
Std Deviation 0.181 0.164 0.159 0.166 0.182 0.167
Dividend Growth 0.047 0.046 0.055 0.048 0.058 0.050
Dividend Yield 0.020 0.030 0.037 0.041 0.040 0.030

Market Beta 1.031 0930 0.873 0.866 0.926

35
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TABLE V
Time Series Simulations

We simulate 6 years of daily data for 500 histories of the economy in three cases. In Case A there is no recession. In case B, there is
one year of recession. In case C two years of recessions. The Table shows the averages and standard deviations across these
histories of the following expected or ex-ante variables: excess returns, market betas, hedging betas and the prices of risk. The
Table also shows the averages and standard deviations of realized or ex-post excess returns and the alphas and betas of the

unconditional CAPM.
CASE A CASE B CASEC CASE A CASE B CASE C
Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std
Expected Excess Returns Realized Excess Returns
Al 0.035 0.002 0.034 0.001 0.034 0.002 0.035 0.052 0.038 0.052 0.040 0.054
A2 0.037 0.002 0.041 0.003 0.044 0.003 0.050 0.038 0.045 0.042 0.040 0.045
A3 0.039 0.003 0.045 0.004 0.049 0.004 0.056 0.038 0.048 0.046 0.038 0.045
A4 0.039 0.004 0.047  0.005 0.053 0.006 0.062 0.038 0.053 0.041 0.040 0.042
A5 0.040 0.007 0.062 0.013 0.076 0.013 0.091 0.024 0.075 0.025 0.048 0.030
Market 0.033 0.003 0.054 0.005 0.046 0.005 0.056 0.021 0.048 0.023 0.036 0.025
Expected Market Beta Expected Hedging Beta
Al 0.972 0.293 0.826 0.298 0.734 0285 | -0.031 0.023 -0.026 0.022 -0.021 0.020
A2 1.005 0.002 0.958 0.003 0.917 0.003 0.168 0.123 0.148 0.121 0.122 0.107
A3 1.052 0.087 1.039 0.105 1.027 0.100 0.247 0.181 0.221 0.179 0.185 0.162
A4 1.042 0.086 1.068 0.099 1.084 0.105 0.315 0.230 0.285 0.227 0.241 0.206
A5 1.070 0.341 1.331 0.462 1505 0.475 0.618 0.435 0.616 0.463 0.542 0431
Price of Risk | 0.039 0.012 0.047 0.017 0.051 0.017 | -0.011 0.011 -0.012 0.013 -0.015 0.014
Unconditional CAPM alphas Unconditional CAPM Betas

Al -0.012 0.050 0.006 0.049 0.018 0.054 0.867 0.210 0.689 0.166 0.611 0.179
A2 -0.005 0.034 0.001 0.037 0.007 0.037 0.997 0.126 0.929 0.126 0.906 0.133
A3 -0.002 0.033 0.000 0.041 0.002 0.038 1.038 0.118 1.017 0.154 1.010 0.143
A4 0.002 0.035 0.001 0.035 0.000 0.037 1.067 0.135 1.097 0.147 1.112 0.157
A5 0.024 0.033 0.002 0.037 -0.012 0.042 1.162 0.206 1.509 0.221 1.649 0.263




averages, standard deviations, minimum, maximum and quantiles of all the estimated parameters across the

TABLE VI

Asymmetric Volatility
We estimate univariate GJIR-GARCH models of all 5 assets and the market portfolio. The Table shows the

500 histories.
Mean Stdev Min 0.05 0.25 0.5 0.75 0.95 Max
Al 0.939 0.163 0.000 0.608 0979 0.985 0.988 0.990 0.993
A2 0.945 0.162 0.000 0.678 0979 0.984 0.987 0.990 0.993
. A3 0.958 0.126 0.000 0.953 0976 0.982 098 098 0.991
Persistence
A4 0.979 0.009 0.824 0967 0976 0980 0.984 0.987 0.991
A5 0.952 0.008 0.921 0937 0947 0.953 0958 0.964 0.973
M 0.966 0.007 0.922 0953 0962 0967 0.971 0.977 0.983
Al 0.006 0.012 0.000 0.000 0.000 0.001 o0.007 0.026 0.083
A2 0.005 0.009 0.000 0.000 0.000 0.001 0.007 0.019 0.063
A3 0.005 0.007 0.000 0.000 0.000 0.002 0.008 0.018 0.057
News A4 0.004 0.006 0.000 0.000 0.000 0.001 0.007 0.016 0.030
A5 0.002 0.005 0.000 0.000 0.000 0.000 0.001 0.012 o0.038
M 0.008 0.008 0.000 0.000 0.000 0.007 0.013 0.022 0.034
Al 0.016 0.017 -0.078 -0.006 0.012 0.017 0.022 0.035 0.102
A2 0.017 0.014 -0.063 0.002 0.012 0.018 0.022 0.031 0.131
A3 0.022 0.011 -0.043 0.006 0.016 0.021 0.026 0.039 0.102
Leverage
A4 0.026 0.009 -0.013 0.011 0.020 0.026 0.031 0.039 0.082
A5 0.089 0.017 0.036 0.060 0.077 0.088 0.100 0.117 0.135
M 0.036 0.012 -0.011 0.017 0.029 0.036 0.045 0.055 0.071

37



5 APPENDIX

[vot'0] [s60°0] [ecT0] [t1€0] [¥60°0] [€sT0] [850°0] [etT'0] [STT O]
000  8%¥8 S8SYTT MNIGINd| ¥ST'O TEY0 €210 SIT0 9/00- 6YI'0 0960 €E0°0 0000 PREN
000 v'LT  CeevIT 0> Auo|[850°0] [re0'0] [890°0] [0ST'0] [2z0°0] [281°0] [£zo'0] [z£0°0] [950°0] [90T 0] mp_oh_mmm<
anjeaA-d  ZIYD  6°00STT yrog| 9500 2200 £80°0- ¢8T0- SEO'0 +ITO0- €000 8S6'0 S80°0- LTIOO
[t£0°0] [€£0°0] [z€T'0] [90T'0] [v60°0] [€T0°0] [¥TO0O] [£€£0°0] [vzoO]
000 885 t'€90TT HNIGINA| 99T°0 SZO0- YKO'O TZZO T90°0- TI00- 660 SO00 00 19EN
zs°0 ze 160zt 0>WAuo|[ogool [€zT°0] [ss0°0] [9z00l [z80'0] [890°0] [600°0] [ceo0] [9€0°0] [820°0] qﬂwi
anjeA-d  ZIYd  8'760¢CT yog| /100 0ST'0 8800 O0TO0 €SO0 GSZI'0 TO00- ¥/60 GSEO0 0L0°0
[s€o0] [zso0] [T£0°0] [690°0] [6S0°0] [6€T°0] [TTO°0] [ZZO'O]l [220°0]
000 96y  £'TS6TT MWIIgInd| 610 1910 [L0°0- T¥T'0- TI00 <CL00 1860 6000- 9200 e
wo 6'€  9'6/6TT 0>WAO|[6000] [¥2o0] [¥T00] [Tr00] [9000] [9T00] [800°0] [zTO0] [zZZOOl [620°0] m“ﬁ“
anlen-d  TIYD  SLL6TT yrod| 0000 800°0- 0000 620°0- 0000 6000- 0000 G660 8¥00 900
[esoo] [osT0] [£T00] [s9t0] [zto0] [sToo] [0T00] [9T0°0] [9TO0]
000  €9v T'/8STT NIGIIN4| 90 60E0 6100 800 200 S000- LL60 TZ00- 9E00- IDHEN
6€°0 Tv  7809TT 0>W Auo|[ogo0] [860°0] [¥T00] [PTT0] [€20°0] [600°0] [¥TO0] [T€00] [6S0°0] [9t10] NHM<
anjeA-d  ZIYd  €0T9TT yrog| 9T0°0- 7SO'0- S00'0- 6ZT°0- €00°0- €T00- €000 1660 OVOO 9ZT°0
[e€o0] [tzo'0] [690°0] [00°0] [zv00]l [T£0°0] [900°0] [zTO'0] [¥00°0]
000 86y  €¥ISTT MWIIFINd| 862°0- STO0 9£0°0 LET'0- TL00 96T°0- SZ6'0 €200 0000 PHEN
€L°0 0c  78eSTtT 0>WAwuOo|[8000] [T£00] [8200] [s,00] [ozo0] [€zoo]l [900°0] [evo'0] [620°0] [980°0] Hﬂ_mme.
anjea-d  TIYD  CT6ESTIT ylod| S00°0 TETO- €200 OFPO'O- S¥O'O- 9000 TTO0 0£6'0 +IOO +ECO
1591 Y41 3807 xe (0>) za (o>v) 1@ (smaN) 9 (oany) v juejsuo)

'$13X204q Ul 31D SUOIIDIN3P PIopUD]S ‘00T Aq paljdiynw aiam paiowilsa JUpIsuod ay |
‘2d pup T SaliaWwWAsn yioq yum |apow ayl 01 123dsal yum pawiiofiad si 1531 (47) 01104 pooyl|axi|-bof ay | ‘umoys os|o si SUoiapIif12ads 4ay1o
omj fo pooylaxij-boj wnwiixow a3y *SIsayiua.ind ul 340 UOIIDIAIP PIDPUDIS “(SUOIIDAIISGO H8ST) biop Ajlbp Jo sipak 9 yum ‘Aioisiy paipinwiis
D WOo.f PauInIGo 3J3M SUIN3I Y| "SUINIAJ SS3IX3 01/0f110d 13)IDW 3Y] PUD 13SSD Y03 10f PIIDWIIISS SI [SPOW XY Tg 11I3WWASD 3IDLIDAIG Y
oJuelieno) U_h_.wEE>m<

IIA 318V1

38



300

280

260

Price

240

220

200

0.03
0.025
0.02
0.015
0.01

Market Covariance

0.005

0.04

Market Premium
o
o
[}

0.02
0

Market Beta

vt 1, L
ol

pppaprasn s -7

0.6 0.8 1

e \

=¥ P
o et [N

.
__-_--------;u}‘ \

0.6 0.8 1

0.6 0.8 1

0.6 0.8 1

o
= o
o N

Expected Returns
o
[

/m‘-‘-'"':";
0.05}--— PP T
.’#l“
I°d
0
0 0.2 0.4
0.08
Ll
0.06 il \
3 )Re \
 0.04 ‘ N
= \
g e — N
0.025; oy rrrEs s patcrrarereny
.;c.‘& S
-
0
0 0.2 0.4 06 0.8 1
T
t
0.01
g O N
3 \
§ -0.01 \
: \ /
2 .0.02
o
B \ /
£ -0.03 \\/,
-0.04
0.2 0.4 06 0.8 1
T,
t
7
2
£ 15
o
2 1
>
B 05
I
0 L i
0.5 i \ i
0 0.2 0.4 06 0.8 1
T,

Figure 1: Theoretical variables implied by the model
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Figure 2: Covariance impulse response functions
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Figure 3: Betas impulse response functions.



