articulo 4.gxd 01/04/2001 8:54 PEgina 80 $

80

Revista de
ECONOMIA FINANCIERA

Evaluating multi-beta pricing models:
an empirical analysis with spanish market data

Belén Nieto™

Departamento de Economia Financiera

Universidad de Alicante

Recibido: Febrero, 2003; Aceptado: Diciembre, 2003

Abstract: Using Spanish stock market data running from January 1982 to December 1998,
this paper examines competing models of price formation in security markets on the basis of the
relationship between expected returns and different risk measures. The aim of the work is two-
fold: to analyze whether the factor betas considered in each model have a significant role in
explaining the behavior of average returns, and to compare the performance of the alternative
models studied. We consider both static and conditional models, in which book-to-market and
dividend yield aggregated ratios are chosen as predictors of changes in the market information
set. We find that conditional models perform relatively better than static models.

Resumen: Sobre la base de la relacion entre rentabilidad esperada y las diferentes medidas de ries-
go que implican los distintos modelos de valoracion de activos, el objetivo de este trabajo consiste en
examinar el comportamiento de diferentes modelos de formacion de precios, usando datos del merca-
do espaiiol bursatil en el periodo comprendido entre enero de 1982 y diciembre de 1998. Este objeti-
vo se pretende alcanzar desde dos tipos de andlisis: por un lado, comprobando si las betas asociadas a
los factores de riesgo considerados por cada modelo son relevantes en la explicacion de los rendimien-
tos medios, y por otro, comparando el ajuste de cada modelo alternativo a los datos de este estudio.
Consideramos tanto modelos con caracter estatico como modelos que incorporan dinamismo al estar
especificados en términos condicionales, en los que las variables utilizadas como predictoras de los
cambios en el conjunto de informacion de la economia son el ratio valor contable/valor de mercado y
la rentabilidad por dividendos, ambos agregados. Los resultados muestran que los modelos condi-
cionales presentan un mejor comportamiento que los modelos estaticos.
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1. INTRODUCTION

Quantifying the relationship between expected return and risk is a basic issue in asset pricing theo-
ry. The Capital Asset Pricing Model (CAPM), (Sharpe (1964) and Lintner (1965)); the Arbitrage
Pricing Theory (APT) family with alternative approaches based on macroeconomic variables (Chen et
al. (1986)), statistical factors (Connor and Korajczyk (1986, 1988)), or firm characteristics (Fama and
French (1992, 1993)); intertemporal models using explicit and dynamic hedging behavior among
investors (Merton (1973) and Campbell (1993)); the conditional CAPM (Jagannathan and Wang
(1996)); and nonlinear pricing kernel models (Dittmar(2002)) are the key asset pricing models domi-
nating empirical and theoretical literature in Financial Economics.

This work provides a detailed comparative analysis of the empirical performance of five
multi-beta asset pricing models from among those mentioned above. For traditional reasons, the
standard CAPM is also considered in the analysis. In our estimations, monthly returns of
Spanish stocks from 1982 to 1998 are employed. Using the well known Fama and MacBeth
(1973) two-step regressions, we study the explanatory power of the risk factors associated with
each model by estimating their risk premiums. In addition, we also directly compare the mo-
dels, employing the Hansen and Jagannathan (1997) distance.

Surprisingly, despite the enormous amount of empirical literature available, there are very
few papers which directly compare asset pricing models using either the procedure suggested by
Hansen and Jagannathan or alternative approaches specifically designed to compare pricing
models on a fair basis. Important exceptions are Jagannathan and Wang (1996), Jagannathan et
al. (1998), Brennan et al. (1998), and Ferson and Harvey (1999). This paper presents further
international evidence along these lines, by employing data from a thinly traded and order dri-
ven securities market. In 1989, the Spanish market became a continuous auction market in which
execution against limit orders left on the computerized public book is allowed by the trading
mechanism. As usual in these types of market, by monitoring available bids and offers on the
book, stock exchange agencies (brokers) can execute upcoming orders against an existing bid or
offer. Alternatively, of course, they can introduce a new sale or purchase order. Recent cross-sec-
tional evidence on the determinants of average stock returns in markets characterized by the
mechanism briefly described above is very limited.

It should be pointed out that our comparative analysis includes a cross-sectional version of
the intertemporal asset pricing model proposed by Campbell (1993). To the best of our know-
ledge, this is the first time that such a version has competed directly with the more traditional
pricing models. Finally, the aggregate book-to-market ratio is used as a predictive factor in the
conditional CAPM. Again, this is the first time that such a factor has been used in that context.!
As it turns out, both the intertemporal model of Campbell and the conditional CAPM perform
relatively better than the static models considered: CAPM, APT models, and an extension of the
CAPM using a cubic pricing kernel in the market return.

1 This is reasonable given the evidence reported by Kothari and Shanken (1997), Lewellen (1999), and Pontiff and
Schall (1999) of the power of an aggregate book-to-market ratio in predicting returns.
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The rest of the paper is organized as follows: Section 2 reports the data used in this research. In
section 3, we briefly describe the models analyzed in the empirical comparison. The models are cross-
sectionally estimated in section 4. In section 5, the models are estimated again by the Generalized
Method of Moments (GMM). The target is now, of course, to compare the models using the distance
metric proposed by Hansen and Jagannathan (1997). Finally, in section 6 we draw our conclusions.

2. DESCRIPTION OF THE DATA

Monthly returns from January 1982 through December 1998 are employed in this research. This
gives a total of 204 observations. Our objective is to explain the average returns of ten portfolios cons-
tructed by sorting 167 stocks into size deciles based on their market value at the end of the previous
year. The returns of each portfolio are equally-weighted. To approximate the return on total wealth we
use the return on an equally-weighted portfolio comprised of all stocks available in a given month, or
the return on the usual value-weighted index. The monthly equivalent of the one-year Treasury Bill
rate observed in the secondary market has been used as the risk-free rate.

Three additional variables have also been used to construct either explanatory variables or
risk factors in the different models. These are: a size proxy, the book-to-market aggregate ratio
(BM), and the dividend yield aggregate ratio (DY). As a measure of size for each company in a
single month we use the logarithm of market capitalization, calculated by multiplying the num-
ber of shares of each firm in December of the previous year by their price at the end of each
month. An aggregate measurement of this variable is calculated as the equally-weighted average
of all market values available in a particular month. To compute the book-to-market ratio for
each firm, we employ the accounting information from the balance sheets of each firm at the end
of each year. Since 1990, this information has been provided by the National Security Exchange
Commission. Data for the years before 1990 is obtained from the quarterly bulletins published
by the Stock Exchange Market. The book value for any firm in month t is given by its value at
the end of the previous year, and it remains constant from January to December. The market
value is given by total capitalization of each company in the previous month. The corresponding
aggregate BM is computed as the average of the individual BM ratios. The dividend yield, as an
aggregate variable, is obtained as the arithmetical average of the dividend yields of each firm in
the sample. The individual DY for a given month, is computed as the total dividends paid by the
firm during the previous twelve months divided by the price at the end of the last month.

3. COMPETING ASSET PRICING MODELS
We can summarize the asset pricing models with the following equation,
E[R,M, /9 ]=1 (1

where £ denotes expectation; R, is the gross return on asset i at time #; M is the stochastic dis-
count factor (SDF); and Q, , is the information set available at time #-/.
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This is the fundamental equation for all the models we consider. It is known as the SDF re-
presentation. To write each one we only have to specify the SDF as a function of given factors.

Another commonly used representation for factor models consists of expressing the above
equation as a linear relationship between expected returns and systematic risk measures. This is
the beta representation, which is derived below.

Using the definition of covariance in (1),
E(R,/Q_)E(M,/Q_)+Cov(R .M, /Q )=1 o

where R, =R, -1, and solving for the conditional expected return of asset i:

1 Cov (R,.M,/Q, )
E(M,/Q,) EM,/IQ,.)

)

E(R,/Q._)=

Let R, be the gross return on a portfolio with zero covariance with respect to the SDF. From
(1), we can see that its conditional expected net return (Yo-1) is given by

1

- 4
E(M,/Q,) @

Yo T1= E[ém/g t—l]

Let Y, be the risk premium conditional on the information available at #-/ and let ﬂi,,l be
the measure of conditional systematic risk of asset 7, that is,

Var(M,/Q,) _Cov(R,,M,/Q, )
EM,/Q.) T Var(M,19,,)

Vi =

we can write (3) as a linear function between the expected conditional return on an asset and its
conditional systematic risk:

E (Rit /Qt—l): Yoot yf—lﬁiz—l ®)

If we assume the existence of a risk free asset the above equation still holds with ¥,,_; re-
placed by R e where this last variable denotes the risk free net return.

We specify the equations above to obtain six representative models of asset pricing literature,

which will be estimated in the following section. In describing them, we argue that it is appro-
priate to distinguish between equilibrium and arbitrage based asset pricing models.
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3.1. Models based on equilibrium conditions

In an equilibrium framework, equation (1) arises as the solution to the intertemporal con-
sumption and portfolio choice problem of the representative agent, and the SDF represents the
intertemporal marginal rate of substitution of aggregate consumption.

_ U

M, = ’
u«,.)

t

Q)

where U denotes marginal utility, C, aggregate consumption at time ¢, and the subjective rate
of time preference is implicit in the utility function.

Capital Asset Pricing Model (CAPM)

The first model that we consider is the standard CAPM. Its static character is its most rele-
vant characteristic. It means that each period of time is independent from the rest, which allows
us to replace aggregate consumption in the utility function by aggregate wealth (W;).

_ U
U,
Making some assumptions about the utility function? or assuming normality in the distribu-

tion of returns, the stochastic discount factor can be written as a linear function of the return on
wealth ( le ).

)

t

M,=6,+0,R,, ®)

So, using (1) and taking into account that the unconditional and conditional moments are the
same in this context, the SDF representation of this model is

E[Rit (50 +6mRmt )] =1 (9)

And its beta representation

ER)=Y,+7.B, (10)

with S, =Cov(R,.R,, )/ Var R ,, ), where the relationship between the parameters in (10)

and (9) is3:

Vo = ! 1y y =-0(y,+)lVar(R ) 11

0 50+5mE(Rmt) m m 0 mt ( )
84 2 The assumption of quadratic preferences is the most common way to obtain this model.

3 The relationship between the parameters in both SDF and beta representations in all the models presented here can
be obtained in the same way.
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Conditional CAPM

The static assumption is the most important limitation in the intuitive simple CAPM. Since
expected returns and betas depend on the available information at each moment in time, it seems
reasonable to modify the traditional static model to incorporate time-varying expected returns.
Jagannathan and Wang (1996) suggest a conditional version of the static CAPM by simply con-
sidering changes in public information available to market participants. Thus, the beta represen-
tation of the model has the form of equation (5),

ER,/Q, )=Vt Y iBi (12)

where the conditional systematic risk is now given by

Cov(R;, R, /€2,_,) (13)
Var(R,,/€,_,)

ﬂit—l =

Taking unconditional expectations on both sides of (12), we can write the unconditional
expected return on any asset as a linear function of its expected beta, and its beta-premium sen-
sitivity, so that we have an unconditional model with two factors.

E(R)=7y+V,E(B,_ )+ Cov (¥,, ,B,_) (14)

Under this framework, the investor expects to obtain a higher return on those assets not
only with higher beta risk, but also with higher covariance between beta risk and expected
risk premium.

To empirically implement the model, it is necessary to make some assumptions:

1) Following Jagannathan and Wang (1996), we use the unconditional beta as a proxy for the
expected conditional beta and the sensitivity of the return on assets to changes in the condi-
tional risk premium as the proxy for the covariance in (14).

E(ﬂit—l) =B Cov(ymt—laﬂit—l) = COV(7mzflaRn) (15)

2) Since the market risk premium varies throughout the business cycle we choose the aggregate
DY as well as the aggregate BM ratios as state variables in the information set €2, ,, given
their forecasting power in the Spanish market between 1982 and 1998 (Nieto, 2002), and we
assume the following linear relationship:

Vo =Ko +K,BM , +x,DY (16)
Combining (15) and (16) with (14), the model to be tested is therefore given by:

ER)=Y,+VuB: + VB + 745 B" (17)
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where ﬁibm and ﬁi@ are obtained by regressing the returns of each asset on the lagged values
of both the BM and DY ratios.

Then, the SDF representation of this model is:

E| Ry(8y+8,R,, +8,,BM, +5,DY, )| =1 a8)

Intertemporal Model without Consumption

It should not be forgotten that in a dynamic context the utility function depends on
aggregate consumption and the beta representation of a pricing model includes the cova-
riance between return on assets and changes in consumption. The main problem in this type
of models is the difficulty of measuring aggregate consumption appropriately. The goal of
the framework proposed by Campbell (1993) is to obtain an intertemporal model which
does not need consumption data.

First, Campbell obtains a multi-factor model from the utility function of the representative
agent suggested by Epstein and Zin (1989) and Weil (1989) with recursive-non-separable pre-
ferences, by maximizing the expected utility of consumption subject to an intertemporal budget
restriction in which the relationship between consumption and wealth is used to substitute con-
sumption from the first order condition. Additionally, joint conditional log-normality of asset
returns and consumption is assumed.

Specifically, from the budget constraint of the representative agent, we may write the inno-
vations in consumption as a function of innovations in the return on wealth and the revision of
expectations of the future return on wealth. This allows us to substitute the covariance between
returns and changes in consumption for the covariance between the returns and the innovations
on both the return on wealth and state variables with ability to forecast returns.

If we again consider that BM and DY aggregate ratios are appropriate state variables, the revi-
sion in expectations of future return on wealth would be reflected in error terms of the follo-
wing auto-regressive vector (VAR):

Z,=AZ_, +¢g, (19)

with Z, = (R M DY, )I, £ = (Em,,é‘,,m, e ), and A being the parameter matrix.

mt ’

Assuming the existence of a risk free rate, the beta specification of the model would be:

bm
E,(R,) =YuBi + VB + VB (20)
Where ﬁgnlz _ COV(R”, mt) ﬁhm _ Cov(Rit’gbmr) , and ﬂgd,} — Cov(Riﬂgdyr).
Var(e,,) Var(e,,,) ' Var(e,,)
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It should be noted that the BM and DY ratios play different roles in the conditional CAPM
and in this intertemporal asset pricing model. In the model described by equation (20), betas
arise from the substitution of aggregate consumption by alternative state variables that contain
information on future returns. Hence, the explanatory variables of the model are not covariances
between the return of the assets and the (lagged) factors, but covariances between the returns and
innovations in the factors (the error terms from the VAR system).

Finally, the Campbell model admits the following SDF representation:
ER, 5, +8,67 +6,,6" +5,6) 1 1)

Since the factors in this model are the innovations in the variables with the ability to forecast future
returns, and they follow a first-order VAR, we can substitute them in the moment restriction:

E[Rit(eo + 5mRmt aF 5meMt + 5dyDYt + elRmt—l + QZBMI_1 + 493DYI_1):| =1 (22)
where 6 s are a combination of the VAR parameters and 0 s.

Nonlinear pricing kernel

In all the models above, the stochastic discount factor is expressed as a linear function of the
factors that are assumed to be the explanatory variables for average returns. For this to be done,
either a utility function or a return distribution must be assumed. However, there is no known
suitable representation for the utility function and empirical studies of nonparametric models,
such as Bansal et al. (1993), Bansal and Viswanathan (1993), and Chapman (1997), seem to
explain the cross-sectional variation in expected returns better than, for example, the CAPM,
suggesting nonlinearities in the data. The model presented here seeks to address these issues.

First, as with the CAPM, we assume a static setting where consumption and wealth are
equivalent, and the intertemporal rate of substitution can be expressed as a function of aggregate
wealth (equation (7)). To avoid making assumptions about the form of the utility function we
can approximate the SDF using a Taylor expansion around the return on aggregate wealth:

" "
M, :h0+h1%Rm,+h27Ri,+... @3)
Second, to pick up the nonlinearities observed in data, we must consider a Taylor expansion

of order bigger than one and, of course, we have to decide on the point of truncation?. As in the
nonparametric analysis mentioned before, we could allow data to guide us in this issue; howe-
ver, the problem with this approach is a loss of power due to overfitting. Alternatively, we may
use preference theory. In this way, following the work of Dittmar (2002), we take into account
the first three polynomial terms in the Taylor expansion.

4 If we only use the standard arguments of positive marginal utility and risk aversion the expansion should be trun-
cated after the linear term, and this approximation is consistent with the static CAPM.
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U” nr 2 UIIII 3
Mt Eh0+h17Rmt+h2 FRmt +h3 ' Rmt 24)

Dittmar argues that the choice of this point of truncation is reasonable because it is pos-
sible to sign these first three terms using risk aversion theory. Positive marginal utility
(U'<0) and risk aversion (U '<0) imply a negative coefficient for the return on aggregate
wealth. Decreasing absolute risk aversion (U’"">0), consistent with the findings of Arditti
(1967), implies a positive coefficient on the quadratic term. Finally, Kimball (1993) shows
that decreasing absolute prudence is needed too (U’ '<0), so that the coefficient on the
cubic term is restricted to being negative.5

Therefore, we investigate the pricing fit of a model with an SDF of the following form,

M, =80 +8lRmt +62Rrit +63R311 (25)

where 1, in order to be consistent with the restrictions implied by preference theory, must be
negative, 45 positive, and 03 negative.6

Its SDF and beta representations are given respectively by:

E| R, (80 +8,R,, +5,R}, +3:R},) | =1 (26)
E(R,) =70 +Y1Bimt +Y2Bim2 +Y3Bim3 27
where
Cov(R,,R})
Bk = Var@®Y) k=1,2,3.

3.2. Models based on Arbitrage Pricing Theory (APT)

Another kind of factor pricing model is obtained using absence of arbitrage opportunities
instead of equilibrium arguments. In this case, it is only necessary to assume a determined gen-
erating process for asset returns and to use the mimicking portfolio concept. The idea relies on
the Law of One Price: if an asset has the same systematic risk as the portfolio (same payoff in
each state of nature), both must have the same expected return.

5 Samuelson (1963) proves that if an agent had already accepted a bet with a negative expected payoff, he should be

unwilling to accept another independent bet with a negative expected payoff too. Thus, Kimbal (1993) maintains
that the standard risk aversion behaviour needs decreasing absolute prudence,

L
U Uy -uTu”
- = s <0
aw (98]

rrr

in addition to decreasing absolute risk aversion, implying U”” < 0.

6 In the estimation of coefficients of (26) we restrict the signs to agree with preference theory.
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Consider the following multi-factor generating process of asset returns:
K

Ry =E(R)+Y ByFy+e, . i=12,.N (28)
k=1

where are the innovations in the factors of systematic risk. The exact version of the APT implies
that the expected return on assets is a linear and positive function of the betas related to the risk
factors. If we assume the existence of a risk-free rate the equation is,

K
ER,) =R, +> 7By (29)
k=1

where y, are the expected risk premiums of the factors.

Combining the equations (28) and (29) we obtain the appropriate form for testing the restric-
tions implied by the APT:

K
R, =R, = Z wBi +e (30)

where £, =y,, + F,, is the risk premium carried by the (unobservable) factor k.

The Three-Factor Model of Fama and French

In the search for factors that mimic the systematic risk of assets, Fama and French (1993) propose
amodel in which the expected returns on each asset are related to three “risk factors” suggested by pre-
vious cross-sectional evidence on asset pricing7. The excess return of the market portfolio over the
risk-free rate, and two mimicking portfolios for size and book-to-market risk factors are included in
the model. The theoretical relationship between expected returns and their risk factor betas, if in fact
their mimicking portfolios are truly aggregate risk factors, should be given by:

E(R)-R, =B/"E(R,, —R,)+B " E(SMB,)+ /™ E(HML,) (31)

where SMB, represents the (associated) size factor obtained as the difference between the return
on small and big assets with about the same weighted-average BM, HML, is the (associated) BM
risk factor calculated as the difference between the return on assets with high and low book-to-
market ratios (also controlling for size), and betas are the sensitivities of the returns to the cor-
responding risk factors.8

7  Authors such as Banz (1981) find a size effect in the returns, Basu (1983) and Rosenberg et al. (1985) show the exis-
tence of a relationship between average returns and financial ratios such earnings-to-price or book-to-market equity.

8  See Fama and French (1993) for details of the construction of the factors.
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The corresponding SDF representation is:
E| R, (3, +5R,, +5,SMB, +8,HML,) | =1 (32)
Asymptotic Principal Components as Risk Factors

Lastly, we consider a general APT model in which factors are unknown. To estimate the
unobservable factors in (30), we employ the asymptotic principal components suggested by
Connor and Korajczyk (1986, 1988). Assume that we observe returns on N risky assets and the
risk-free rate over T time periods. Let ¥ denote the NxT matrix of observed returns on N risky
assets in excess of the risk-free rate, 7= R" - I R’;. Let B* denote the NxK matrix of factor sen-
sitivities; F is the KxT matrix of realizations of (g + F), and e" is the NxT matrix of realized
idiosyncratic returns. Equation (30) can be written as:

PN =BYF +eV (33)

Our objective is to estimate the unobservable values of F given observations of 7 and an
assumed value of K. It can be shown that the factors can be (asymptotically as N grows larger)
approximated by the first K eigenvectors of the TxT matrix QY = (1/ N )rN .

As we will see in the next section, we identify three relevant factors, which are denoted by
Ji» k=123. So the model to be tested in terms of betas is:

E(Rit )_Rﬁ :7/1ﬁi1+723i2+7/16i3 (34
— Cov(Riti’.fkr) —
where B, _7Vai’(fk,) ,k=1,2.3
And the SDF representation for this APT model is:
E| R, (8, +8.f,, +8,/5,+8:/3) |=1 (35)

4. CROSS-SECTIONAL ESTIMATION OF RISK PREMIUMS IN BETA
REPRESENTATIONS

4.1. Some preliminary evidence

In Table 1, we first summarize the principal descriptive statistics of the ten size-sorted port-
folios used as dependent variables as well as the risk factors of the Fama-French model. The
mean return of the portfolios decreases as their size increases. In fact, small firms earn on ave-
rage 1% per month more than large firms. A similar finding is observed regarding volatility,
although the standard deviations of portfolios 3 to 9 are approximately the same. In the second
panel of Table 1 we report statistics referring to risk factors. The market return is the return on
the equally-weighted market index. The size and book-to-market associated factors offer a simi-
lar mean return and, at the same time, a much smaller mean and standard deviation than the mar-
ket return. None of the three factors seems to have large autocorrelations and, as expected by
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TABLE 1.

Properties of portfolios formed on size and Fama and French factors
Portfolio | 1 2 3 4 5 6 7 8 9 10
Mean | 32114 22247 20441 24008 23980 21631  1.8641 19853 17048  1.9068
Std. 11.856 92031 86187 78377 82204 78311  7.5755 77369  7.2984  6.4555

Autocorrelations Correlations
Mean Std. 1 2 5 12 20 R, SMB  HML
R, 22007 74186 | 0275  -0.024 0021 0074  -0.044 | 1 04622 0.3258
SMB | 05055  3.5995 | 0.054 0050 0060 0261 0028 | 0462 1 0.0703
HML | 05089 36996 | 0.090 0092  -0021 0028  -0.018 | 03258 00703 1

The statistics presented refer to the period between January 1982 and December 1998. For every end of December bet-
ween 1981 and 1997, we construct 10 portfolios by sorting stocks into size deciles based on their market value. Then
we classify the stocks into two size groups: big and small, and independently into three groups of book-to-market, high,
medium and low. SMB mimics the factor related to size and is the difference, for each month, between the returns on
small- and big-stock groups with the same book-to-market. HML mimics the factor related to book-to-market and is the
difference between the returns on high- and low-book-to-market firms with the same size. The return on each size-deci-
le, SMB or HML for the next 12 months is computed by equally weighting all available returns within each portfolio.
The market return (Rm) is also an equally-weighted index of all available stocks for each month in our sample. Means
and standard deviations are reported as percentages.

TABLE 2.
Summary statistics for Conditional CAPM factors
Autocorrelations Correlations
Mean Std. 1 2 5 12 20 Ry BM DY
R, 22007 74186 | 0275  -0.024 0021 0074  -0044 | 1 0.1047  0.0648
BM 13097 94254 | 0987 0974 0927 0813 0560 | 01047 1 0.9397
DY 4168 2275 | 0975 0948 0875 0723 0454 | 00648 09397 1

The statistics are based on the Spanish Stock Exchange monthly data between 1982:1 and 1998:12. Rm is the equally-
weighted monthly return of all available stocks for each month in our sample. BM is the average book to market ratio,
and DY is the average dividend yield obtained as the ratio between the sum of dividends during the previous twelve
months and the stock price at the previous month. Means and standard deviation are reported as percentages.

construction, SMB and HML are hardly correlated at all (0.07), while the correlation coefficients
between these factors and the market are 0.46 and 0.32 respectively.

Table 2 contains the descriptive statistics of the predictive aggregate variables used in the condi-
tional CAPM, as well as in the intertemporal CAPM. The BM and DY variables are highly autocorre-
lated, but do not have a significant cross-correlation with the equally-weighted market return. As
expected, however, BM and DY present a very high cross-sectional correlation coefficient.

In order to (asymptotically) estimate the principal components of Connor and
Korajczyk, we use the matrix of covariances of the excess returns on all assets that have
prices during the whole sample period, from January of 1982 to December of 1998. This
represents a total of 47 assets. As mentioned above, the TxT matrix Q" = (1/N)rN'rN is
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TABLE 3.
Summary statistics for factors from asymptotic principal components
fi 12 /3
Mean 0.012059 0.011085 -0.006520
Median 0.008932 0.005282 -0.004215
Maximum 0.257268 0.260980 0.284368
Minimum -0.284140 -0.209835 -0.405335
Standard Deviation 0.069137 0.069301 0.069881
Skewness 0.094073 0.067161 -0.418575
Kurtosis 5.275111 3.974150 10.48124
Correlations
R,, equally-weight. 0.9860 0.0268 0.0096
R, value-weight. 0.8537 0.1389 -0.0989
fi 1 0.0280 -0.0164
I 0.0280 1 -0.0150
f -0.0164 -0.0150 1

This table is based on 204 monthly observations (1982:1-1998:12). fk’s mimic risk factors and they are estimated by the
asymptotic principal components technique proposed by Connor and Korajczyk (1988). All stocks for which data are
available throughout the sample period are employed.

TABLE 4.
OLS estimates from g  —R, =a+ /i +Bofo+Psfs +e,

a B By Bs R R* adjusted

Panel A: equally-weighted index

1 factor 0.001297 1.061152* 0.9720 0.9719
1.463 83.778

2 factors 0.000625 1.062807* 0.058895* 0.9750 0.9748
0.734 88.561 4919

3 factors 0.000589 1.062894* 0.058975* -0.005144 0.9751 0.9747
0.688 88.376 4915 -0.432

Panel B: value-weighted index

1 factor 0.003052 0.844810* 0.7300 0.7287
1.206 23371

2 factors 0.001215 0.849329* 0.160823* 0.7566 0.7542
0.498 24.674 4.683

3 factors 0.000456 0.851195* 0.162538* -0.109991* 0.7692 0.7658
0.190 25.329 4.848 -3.309

The results are based on 204 monthly observations (1982:1 - 1998:12). ks mimic risk factors and are estimated by the
asymptotic principal components technique proposed by Connor and Korajczyk (1988). All stocks for which data are
available throughout the sample period are employed. Rm is the monthly return on an equally-weighted index(panel A)
or value-weighted index (panel B) constructed with all stocks in the sample. t-values are under the estimations. * indi-
cates significance at 5 % level and ** at 10%.
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employed in estimation. Then, we obtain the eigenvectors of this matrix, and choose the
three eigenvectors associated with the higher eigenvalues. These will be taken as proxies of
the factors in our APT model specification.

In Table 3, some descriptive statistics of these factor proxies are reported. Their means are
relatively small because the observations are in a range between -25% and 25% approximate-
ly. This results in a (monthly) standard deviation of 7%, which is similar to the one reported
for our two market indexes. It is interesting to point out that there is a correlation of more than
98% between the first factor and the equally-weighted index, and of 85% with the value-
weighted. This suggests that this factor adequately captures the variability of assets in our
sample. To corroborate, a regression of the excess market return on these three estimated fac-
tors is performed. Although a high correlation between the market and the factors is not
enough to guarantee that these are reasonable proxies for the factors, a low R? will indeed indi-
cate a lack of suitable factors.

In Table 4, we show the results of the estimated slopes and the R-squares, for both an equal-
ly-weighted index (panel A), and a value-weighted index (panel B). There is a very small
improvement in explaining the variability of market returns as we add more than one factor to
the regressions. It should be noted that the first factor explains more than 97% of the variance
of the equally-weighted index. Although the remaining factors have some explanatory power, it
seems that they explain a much lower proportion of the variance. Another interesting feature is
that the R-square is consistently higher when using the equally-weighted portfolio instead of the
value-weighted index. The improvement in the explanatory capacity achieved by increasing the
number of factors from one to three is marginal, although it is clearly greater for the value-
weighted market return. These results are certainly encouraging. Given that the methodology
employed is based on asymptotic results, and taking into account the small number of securities
used in the cross-section, lack of correlation might have indicated that our estimated factors omit
relevant state variables by the market. But the results do indeed seem to support our estimates
as reasonable APT factors.”

4.2. Fama and MacBeth estimation

We now perform the traditional two-step cross-sectional regressions due to Fama and
MacBeth (1973). The objective is to test whether the risk premium associated with each factor
is statistically positive and significant.

The average Ordinary Least Square (OLS) estimates of the corresponding risk premium for
T cross-sectional regressions, their t-statistics, and their p-values are presented in Table 5 for the
models analyzed in this research. The results in the left-hand panel are obtained when using the
return on the equally-weighted index to approximate the market return, while the findings asso-
ciated with the value-weighted index are shown in the right-hand panel.

9  Similar results are obtained when we repeat the procedure dividing the total period into three subperiods, so that the
number of available assets increases: 1982-1986 with 79 assets, 1987-1991 with 79, and 1992-1998 with 91 assets.
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TABLE 5.
Fama-MacBeth estimation.
Panel A: equally-weighted index Panel B: value-weighted index
%o Vi V2 V3 Yo V1 "2 73
Standard CAPM: Ry, = o, + 11, By + 1t
Estimate 0.8497 0.6584 1.6950 -0.2313
t-value 1.126 0.705 1.682 -0.214
p-value 0.262 0.482 0.095 0.830
e . b d)
Conditional CAPM: Ry, =y, + ¥,y By + Vo Bt + Ve Bit' + g
Estimate 0.3338 1.5059 -13.0052 -0.2529 0.2170 1.4824 -23.3483 -0.5828
t-value 0.429 1.415 -1.479 -0.910 0.215 1.433 -1.782 -1.382
p-value 0.668 0.159 0.141 0.364 0.830 0.154 0.077 0.169
b d
Campbell model: (R;, — Rﬁ) =%t }/mtﬁér";t + 7bmt:35ir;1 + 7dytﬂ€i}; +uy
Estimate 0.7266 0.2075 -2.3485 0.0453 0.5733 0.5773 0.0655 0.0495
t-value 0.892 0.213 -1.309 0.667 0.632 0.605 0.022 0.514
p-value 0.374 0.831 0.193 0.506 0.528 0.546 0.982 0.608
Non linear pricing kernel: Rir = Yo + Y1 Bimie + V24 Bimar + V3 Bim3e + iy
Estimate 1.5848 -3.9073 1.7381 -0.1619 1.6982 1.6907 0.1883 -0.0819
t-value 2.129 -1.707 2.727 -1.2856 1.890 0.690 0.554 -1.047
p-value 0.035 0.090 0.007 0.201 0.061 0.492 0.580 0.297
Fama and French model:: (R, —Rp) =7y + "B+ 7/2“35MB + 7/3tﬁif1ML +uy,
Estimate 0.1631 0.5722 0.2298 -0.3987 0.4058 0.3600 0.1467 -0.3278
t-value 0.200 0.665 0.737 -0.524 0.445 0.367 0.461 -0.439
p-value 0.842 0.507 0.462 0.601 0.657 0.714 0.646 0.661

Multi-factor model from asymptotic principal components: ( R,-R ﬁ) =Yor + 71 :lez + % ﬁ; +73 ﬁ; -

Estimate 0.3626 0.340 0.1144 0.8872
t-value 0.529 0.439 0.131 0.683
p-value 0.598 0.662 0.896 0.496

This table presents the estimates by the two-step cross-sectional Fama-MacBeth procedure for the models indicated in each
block. The dependent variable is the monthly return on size-deciles from 1982:1 to 1998:12. The explanatory variables are
the betas for the different factors, and they are estimated with the 60 previous monthly returns to each cross-sectional esti-
mation. The risk premium estimates are the average of the coefficient estimates from the monthly cross-sectional regressions,
and they are reported as percentages. Their t-values are calculated using the standard deviation of the series of estimates.

The first model estimated is the standard CAPM. As expected, given the previous empirical
evidence from Spanish data, the results are not very satisfactory.lo The market risk premium,
based on the equally-weighted index, is positive but quite variable, with a low t-statistic imply-
ing that the coefficient is not (statistically) different from zero!l. When we use the value-weight-

10 See Rubio (1988) and Sentana (1995) for relevant examples.

11 Shanken’s (1992) adjustment for the standard error of the estimates produces even lower t-statistics. They are not
reported, although they are available upon request.
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ed index the results are no better. Thus, the CAPM (not surprisingly) does not seem to do well
for Spanish data in our sample period.

The next model estimated is the conditional CAPM. In this model, betas and expected returns
are allowed to change throughout the business cycle. Recall that this is possible because we
incorporate predictive factors such as the aggregate BM and DY ratios. The explanatory variables
of the cross-sectional regression (betas) were obtained with previously available data using the
traditional time-series regressions. We decided to jointly estimate the betas for the two instru-
ments in a single time series regression because of the high correlation between them.

R,=0, +B,R, +e, . Vi=1t-60,1-59,..,t—1
R, =a,+ ﬁiZ;mBMt—l + ﬂijlyDYt—l +e, » Yt=t-60,t—59,..,t—1

The cross-sectional results are reported in the second block of Table 5. Although none of the risk
premiums are significant at the usual significance levels, we now observe a considerable increment in
the slope of the market beta relative to the estimates reported in the unconditional CAPM. Using the
equally-weighted index, the market risk premium goes up from 0.66% in the standard CAPM to 1.5%
in this conditional version. This improvement is also observed when using the value-weighted market
portfolio. In this case, we obtain a risk premium for the BM instrument which is larger (in absolute
terms) than the one from the regression using the equally-weighted market index and is statistically
different from zero at a level of 0.10.12 The sign of this parameter is due to the negative forecasting
relationship between this factor and the market return (Nieto, 2002).

The third model estimated is the multi-beta version of the intertemporal asset pricing model of
Campbell (1993). First we estimate the residuals from the VAR system (equation (19)) and then we
compute the betas as equation (20) indicates. From the third block, we see that none of the coefficients
estimated are statistically significant. The slope of the beta associated with the DY ratio is positive, in
contrast with the results of the previous model. This change in its sign should not be surprising because
of two practical considerations. Firstly, the explanatory variables in the conditional CAPM and in
Campbell’s model are not the same. In the former they represent the sensitivity of returns with respect
to the predictive factors, and here they measure the sensitivity of returns to the residuals of the factors.
Secondly, the strong link between BM and DY may produce instability in the relationship of these vari-
ables with returns when both factors are considered at the same time. When we observe the results
obtained with the value-weighted stock index, the results are as discouraging as before. We should
remember that a state variable in an intertemporal model would be reasonable only if it is capable of
forecasting returns. As it turns out, Nieto (2002) shows that the BM and DY ratios are only able to pre-
dict the equally-weighted index return.

12 We might think that the strong correlation between BM and DY is deducting efficiency from the estimates of the
coefficients of the cross-sectional conditional CAPM. We have repeated this estimation using the BM ratio and the
residuals from a regression of DY on BM as conditioning factors. The slopes of market return and BM ratio are sim-
ilar to those reported in Table 5 and the premium for the risk associated with the DY ratio is lower, with an even
lower t-statistic.
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Next, we estimate a static model which does not consider a specific utility function but permits a
non linear SDF. As seen in the previous section, a given SDF is linked to preferences throughout
moments of the return distribution. In the same way that a linear pricing kernel relates expected returns
to the covariance with the return on aggregate wealth (CAPM), a cubic pricing kernel is consistent with
amodel in which agents have preferences over the first four moments (expected returns, covariance of
the returns with the return on wealth, covariance of the returns with quadratic return on wealth and
covariance between returns and the cubic return on wealth). The three betas of this model are estimat-
ed in independent time-series regressions. The results in block four of Table 5 show that it is the only
model that produces risk premiums statistically different from zero, at least when using the equally-
weighted market index. Here, the quadratic return on wealth is a significant factor; in other words, is
positive with a p-value of 0.007. This coefficient, associated with decreasing absolute risk aversion,
indicates agent preferences for positive skewness in the distribution of returns. In this case, the market
risk premium is also significant at 10%, although, unfortunately, it is negative. This result is probably
due to the strong correlation between the factors considered by the model. Finally, the intercept is sig-

nificantly different from zero.13

We next analyze the Fama and French (1993) three-factor model. In the first stage, betas for
the factors are estimated with the following time-series regression.14

R, =R, =0y, + B/ (R, —R; )+ B SMB, + B/™" HML, +¢, , Vi=t-60,t-59,...,t—1
The results of this time-series estimation for each size portfolio in our sample are
slightly different from those obtained by Fama and French (1993).15 The betas for the mar-
ket factor are highly significant and close to one. The size factor is also associated with
significant betas, and their magnitude falls when the size of the portfolio increases, reflec-
ting the negative relationship between return and size evidenced in previous empirical
papers. HML is the variable with the least explanatory ability. It presents a beta signifi-
cantly different from zero only for portfolios 1, 2 and 8, at 5%, and for portfolio 6 at 10%.
This is positive for some portfolios and negative for others without any particular pattern.
Finally, the alpha coefficient is (statistically) irrelevant for all portfolios, suggesting a
well-specified factor model. 10 Furthermore, the R’ of our regressions are high, around
85%, although slightly lower than those obtained by Fama and French.

Regarding the estimate of the gamma coefficients for the cross-sectional regressions (block five of
Table 5), the relationship between portfolio returns and factor betas is positive for both the market and
size factors, and negative for the book-to-market factor, according to the negative relationship observed
between BM and returns. Unfortunately, however, they are not statistically different from zero. Thus,

13 None of the coefficients in (27) is statistically significant when we use the value-weighted index.

14 This multiple regression takes into account the fact that SMB and HML are correlated with the market excess return.
15 The result of this estimation is not reported but it is available from the author upon request.

16 It may be noted that Fama and French (1993) find some alphas statistically different from zero. This finding would
suggest a rejection in a joint test of the intercepts. Unfortunately, the authors perform the joint test on the alphas
only for a case that includes both stocks and bonds.
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TABLE 6.
Number of cross-sectional estimates positives and negatives
Yo " 1) 73

>0 <0 >0 <0 >0 <0 >0 <0
CAPM 84 60 71 73

(28) (13) (25) (26)
Condit. CAPM 74 69 73 70 74 69 72 71

®) ®) (12) ®) (6) ™ (10) %)
Campbell model 83 60 63 80 68 75 81 62

(13) (11) (13) (20) (11) ©) ©) ®)
Non linear 87 57 68 76 78 66 72 7

(18) (6) (6) (6) ®) O (6) O
Fama and French 79 65 68 76 66 78 65 79

“ Y (10) (6) (17 (23) ®) (12)
Principal Compon. 72 72 76 68 75 69 73 7

©) &) (6) &) (15) Q) (16) )

This table presents the number of cross-sectional estimates for each risk premium in each model that is either positive
or negative. The total number of estimates is 144 and 143 for static and dynamic models respectively. The number in
parentheses is the number of estimates with each sign that are statistically significant

despite the reasonable performance of the time-series factor model, the cross-sectional results report-
ed suggest that the Fama and French model cannot adequately explain average returns. This is consis-
tent with the results presented by Jagannathan and Wang (1996).

Lastly, we estimate the multi-factor model that uses three asymptotic principal components as
proxies of the true (unobservable) risk factors. Since this model does not assume any risk factor, its
results are presented at the bottom of Table 5. Betas are previously estimated in independent time-series
regressions. As we can see, none of the proxies of systematic risk factors is statistically relevant in
explaining the variation of cross-sectional returns. Previous empirical research (Connor and Korajczyk
(1988) with American data, or Rubio (1995) with Spanish data) reports similar results.

The fact that none of the risk premiums in any of the models studied is statistically significant in
explaining average returns is, to say the least, surprising. To investigate this finding in greater depth,
we analyze the cross-sectional estimates of each risk premium at each moment of time. In Table 6, we
present the number of estimates that are either positive or negative and the number that is significant
out of 144 total observations. Interestingly, all models tend to present a similar number of positive and
negative cross-sectional estimates. On the other hand, there are big differences in the magnitude of
these values at each moment of time. This means that, on average, the estimates are near to zero and
have a very high volatility that produces low t-statistics.!”

17 When analysing the cross-sectional risk premiums at each moment of time some curious seasonal patterns arise. In
particular, we find a very similar pattern for the premium associated to SMB in the Fama and French model and the
premium of the second asymptotic principal component. In both models, and contrary to the CAPM case, the
January effect for the premium of market return disappears. However, it is the second asymptotic principal compo-
nent and the SMB premium which present a positive sign in January in 10 cases out of 12 observations. Moreover,
the number of significant estimates for January is the same in both models. This finding deserves future research.
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Given the difficulty of drawing conclusions from the results in Tables 5 and 6, we next
represent the fitted average returns graphically against the realized average returns of the
10 size-sorted portfolios to provide a visual impression of the relative empirical perform-

FIGURE la. Realized versus fitted returns. The figure shows the pricing errors for each of the
10 size portfolios for the six models indicated in each graph. The average fitted returns are gene-
rated using the Fama-MacBeth regressions in Table 5. With the exception of the model which
uses principal components, the market return is approximated with the return on the equally-
weighted index. For the Campbell model, the Fama and French model, and the model with prin-
cipal components the returns are in excess of the risk free rate.
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This is done in Figures la and 1b. If a model fits perfectly, all points in those figures will
lie along the 45-degree line. As we can see, for the standard CAPM, the Fama and French
model and the model using principal components, all points follow a relatively horizontal

FIGURE 1b. Realized versus fitted returns. The figure shows the pricing errors for each of the
10 size portfolios for the six models indicated in each graph. The average fitted returns are gene-
rated using the Fama-MacBeth regressions in Table 5. The market return is approximated with
the return on the value-weighted index. For the Campbell model, the Fama and French model,
and the model with principal components the returns are in excess to the risk free rate.
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trajectory. Hence, the models offer a practically constant return for the 10 different risk
portfolios. Moreover, although the intermediate portfolios are concentrated in the middle
of the 45-degree line, these static models have very poor fits for both the highest and the
lowest portfolio returns. The dynamic models and the non-linear pricing kernel show more
dispersion but they are able to draw the points in an upward trajectory guided by the 45-
degree line. This, of course, suggests some compensation for covariance risk.

From all these results we can only conclude that dynamic models seem to perform rela-
tively better in explaining the cross sectional returns for the Spanish market. This is con-
sistent with investors taking their investment decisions in a time-changing framework
where new information is considered when forming their expectations. In this sense, it is
not reasonable to directly replace consumption for wealth in their utility functions because
their investment horizons contain more than one period and they are not independent. The
reader may think that this observation is questionable when one realizes that the only
model that offers significant risk premiums is the cubic (but static) pricing kernel CAPM.
To give robustness to our conclusion, we estimate a conditional version of the non linear
CAPM. Given the results of Table 5, and in order to pick up the quadratic market return,
we now use a second order Taylor expansion for the SDF, and we write the relationship
between expected return and betas in conditional terms as in the conditional CAPM.
Additionally, we assume that the changes in risk premiums are explained using one lag of
the book-to-market aggregate ratio. The resulting model has, therefore, five betas: the
covariances between returns and market return, quadratic market return, one-lag BM, quad-
ratic one-lag BM, and the product of market return and one-lag BM. When we estimate the
risk premiums of this model, the quadratic market return factor is now not significant and
the parameter associated with the simple BM is statistically significant at 10%.18

5. TESTING THE SPECIFICATION IN SDF
REPRESENTATIONS

In this section we again compare the six models analyzed before, but we now establish
the relative performance of their different empirical specifications. To do this, we evaluate
all models using their SDF representation and the Generalized Method of Moments
(GMM) for estimation. Under this framework, there is a performance measurement which
compares different models by imposing a pre-specified weighting matrix. A performance
ranking is thus obtained.

The main advantage of this method of econometric evaluation of asset pricing models is its
generality, it can be used for linear and non linear models, unlike the classical beta method,
which needs returns and factors to be jointly normally distributed in order to make non-linear
models linear. The question is whether estimates of factor risk premiums are more efficient and

18 Now the multicolinearity problem is avoided because the five factor betas have been estimated with a unique time-
series regression.
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specification tests more powerful in the SDF model than in the beta model. Using Monte Carlo
simulations, Jagannathan and Wang (2002) find that asymptotically, as well as in finite samples,
both methods provide equally precise estimates.

5.1. Estimation and testing

Consider a model in which the SDF is a function of a set of factors, like all the models stud-
ied in this research:

E@”((SO +6,R, +...+5KRIK)]=1 (36)

The difference between models is given by the alternative factors that the term inside brackets con-
siders. This term contains unknown parameters ((5 A ), which can be estimated by demanding that the
pricing errors implied by this SDF be as low as possible relative to market prices (Hansen (1982)).

Let R . be the N-dimensional vector of gross returns at time t, is the (K+1) vector where the
first element is one and the rest are the K risk factors at moment t, and is the (K+1) vector of

parameters.
R, 1 5,
R=| B | ne| B 5ol (37)
R, RS 5,

The GMM gives an estimate of 0 so that the expectation of the pricing errors of the model
should be zero. Therefore, we should choose 0 to minimize the following quadratic form:

g'wg (38)
where & = E(/,(9)) , £,(6)=R&'Y —1" and 1" is an N-dimensional vector of ones.

It can be proved that the resultant estimate 8 has the following asymptotic distribution:

JT(8-8)—2>N(0,7) (39)
where )/ = ((af, 108) W (&f, /@5))_1(@3 1065 WSW (&f, /65)((af, 108) W (&f, /65))_ and .
S =E(£,(8)£,())

Hansen and Singleton (1982) show that the optimal weighting matrix (/) is the inverse of the
variance of the pricing errors , (8 thy sense that this matrix minimizes the asymptotic variance
of the estimator. Given the optimal weighting matrix, this value multiplied by the sample size has
asymptotically a distributjsa with N-K degrees of freedom. Of course, we know that this pro- 101
cedure produces (asymptotically) efficient and consistent estimators. However, the test involves
some inconveniences. First, the statistic favors models with highly variable errors, because it is
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inversely related to their variance. Secondly, this statistic cannot be used to compare the specifica-
tion of alternative models because it depends on a weighting matrix that is different across them.
As a solution, Hansen and Jagannathan (1997) propose the use of the se-cond-moment matrix of
returns in place of the traditional (optimal) weighting matrix. They advocate a weighting matrix
which depends exclusively on the dependent variables but not on the explanatory variables. In par-
ticular, they suggest the inverse of the covariance matrix of returns,

w=[ERR]" (40)

This is the matrix we will use in this section. The GMM estimators obtained with this weighting
matrix are consistent but not efficient. However, the value of the minimized function represents, as
before, a performance measure which now allows the researcher to establish a relative ranking of per-
formance among competing models: the higher this value, the worse the model performs. This meas-
ure is known as the Hansen-Jagannathan distance, and is given by the following expression,

Dist =+ g(6)Wg(8) 1)

The statistic for the specification test is
HJ =T (Dist)’ (42)

Since the W matrix is generally not optimal, the statistic proposed does not have a X ? distribu-
tion. Jagannathan and Wang (1996) show that this statistic is asymptotically distributed as a weight-
ed sum of (N-K) independent X1 random variables. In practice, we obtain the asymptotic distribu-
tion of the statistic by simulating 500 samples of these (N-K) variables X 12 with size T.

5.2. Empirical results

In this section we present the GMM estimates of the SDF representation of the models
described in section 3, and the result of the performance test using the statistic based on the
Hansen-Jagannathan distance.

In Table 7, the GMM estimates of the coefficients in the moment restriction of each model, their t-
statistics and the corresponding p-values are presented. In the right hand column (referred to as HJ),
the pricing errors measurement based on the Hansen-Jagannathan weighting matrix is reported. Its p-
value appears under this statistic obtained, as explained earlier, from the simulated distribution of a lin-
ear combination of N-K independent X 12 variables. The sample size is 144 observations (January 1987
— December 1998) for all tests except for the Conditional CAPM and for the Campbell Model, in
which the one-lagged variables are used. The number of (N-K) independent chi-square variables is the
number of assets (in our case 10 portfolios) minus the number of parameters of the model (number of
factors plus one). The market factor is the equally-weighted return of all assets in the sample.

In general terms, as in the Fama-MacBeth estimation, we find that none of the factors in any
of the models produces a statistically significant coefficient, although we cannot reject any of
the models when we employ the HJ statistic. In a comparative analysis presented by Jagannathan
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TABLE 7.
GMM estimation: Evaluation of various multi-factor models
o 0 0, 03 HJ
Panel A: Standard CAPM E[ R, (8, +8,R,,) |=1
Estimate 0.9981 -0.5909 10.3959
t-value 31.399 -0.364
p-value 0.000 0.725 0.241
Panel B: Conditional CAPM E| &, (3 +5,,R,, +8,, BM,_+3, DY_) |=1
Estimate -2.1827 1.7007 -3.3599 186.745 3.9876
t-value -0.593 0.496 -1.279 1.185
p-value 0.575 0.637 0.248 0.281 0.948
Panel C: Campbell model ELR,'; (0 + 6, Ry + 64y BM, + 6,4, DY, + O R, | +0,BM, | + 03DY;—1)J =1
Estimate -2.5633 -0.3649 7.8194 93.452 0.817
t-value -0.449 -0.059 0.192 0.225
p-value 0.684 0.956 0.860 0.837 0.961
Panel D: Non linear pricing kernel £ [15,-, (6 +& R, +8,R, +5:R, )]: 1
Estimate 0.8960 -1.2393 19.1626 -1.3986 9.528
t-value 7.306 -0.311 0.825 -0.012
p-value 0.000 0.766 0.441 0.991 0.218
Panel E: Fama and French model £ [15,», (6y +6,R,, +6,SMB, +6 3HML,)J= 1
Estimate 0.9916 -0.9635 0.6190 1.6608 10.338
t-value 22117 -0.413 0.185 0.136
p-value 0.000 0.694 0.859 0.896 0.117
Panel F: Model from asymptotic principal components £ [Rl-, (8 +0,f,, +0,05, +05 15, )}: 1
Estimate 0.9841 -0.4536 0.6554 1.4608 9.184
t-value 53.650 -0.320 0.423 0.632
p-value 0.000 0.760 0.687 0.551 0.216

This table offers the GMM estimates with the Hansen-Jagannathan weighting matrix, where ﬁﬂ is the gross return on size decile i
in month t from 1987:1 to 1998:12. In panel A, a standard CAPM is estimated. Panel B contains the conditional CAPM. It has
three factors: the market return and two aggregate variables represented by the BM and DY ratios. Campbell’s model contains six
factors: the market return, the two aggregate variables used in the conditional CAPM, and their one-lagged values due to their VAR
specification. We only present the estimates of the intercept and the three main parameters. Next, the results from the three factor
model by Fama and French are reported. In panel E the results for a non linear SDF model are presented. In the last panel, we con-
sider a general multi-factor model where the proxy for factors is obtained by the asymptotic principal components technique. The
statistic based on the Hansen-Jagannathan distance and the corresponding p-value (below) are reported in the last column.

and Wang (1996), the conditional CAPM is the only model that cannot be rejected using this
measure. With respect to Campbell’s model, Nieto (2002), using the GMM procedure with the
optimal weighting matrix, shows that both predictive factors have risk premiums statistically dif-
ferent from zero, although her sampling period is not the same as in this paper. The results for
the non-linear pricing kernel confirm the evidence provided by Dittmar (2002) in the sense that

none of the coefficients are statistically significant but 0, has the largest value. 19

Evaluating multi-beta pricing models....

In spite of the similarities in the estimations of the six models, there are results in Table 7
that allow us to conclude in favor of the dynamic models relative to the static ones. First, the

103

19 Although in the work of Dittmar (2002) it is observed that incorporating human capital considerably improves the
performance of this nonlinear kernel.
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FIGURE 2. Realized versus fitted gross returns. The figure shows the pricing errors for each of the 10
size portfolios for the six models indicated in each graph. The average fitted returns are generated using
the GMM estimates in Table 6. With the exception of the model which uses principal components, the
market return is approximated with the return on the equally-weighted index.
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intercept in static models is clearly relevant indicating that the average cross-sectional gross
returns for the 10 portfolios according to these models are constant. This observation agrees with
the pattern shown in Figures la and 1b. Second, the H.J statistic confirms the relatively better
performance of the dynamic models. It has a value of around 10 for static models such as the
CAPM, the non linear CAPM, the Fama and French model and the model with asymptotic prin-
cipal components, with p-values between 11% and 24%. However, the HJ distance is conside-
rably lower for the conditional CAPM and Campbell’s model, with p-values that indicate that
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the average difference between the observed return and the one generated by these models is
zero approximately 95-97% of times. 20

To support the observation that the conditional CAPM and the intertemporal model of
Campbell have lower average pricing errors as indicated by the HJ distance, we again present
graphs of fitted returns based now on the regressions of Table 7 versus realized returns. The
result of this exercise is found in Figure 2. In this case, the better fit of the two dynamic models
is clearly evidenced. As the HJ statistic indicates, the pricing errors generated by Campbell’s
model are insignificant. The model is able to fit all ten realized returns, the extreme ones inclu-
ded, and it produces a maximum error of 0.001 for portfolio 7.

Before concluding, we want to mention some contradictions that can be observed in compar-
ing the results of the two empirical approaches presented here. First, there is a theoretical relation-
ship between the risk premiums of the beta specification models and the parameters of the SDF
(see equation (11) for an example relative to the CAPM), which is not captured by the estimation.
Second, although the risk premiums are not statistically significant in most of the models when we
use the Fama and MacBeth methodology, we cannot reject any of them with the JH test.

Regarding the first fact, Jagannathan and Wang (2002) prove that the risk premiums esti-
mated in the two different specifications are very similar and have the same asymptotic variance.
However, our empirical analysis differs from theirs in two aspects. Firstly, they estimate beta
model representations using GMM, which produces just one estimation of each factor beta for
the whole sample period and betas are obtained jointly with the risk premiums. We run the
Fama-MacBeth procedure where betas are estimated at each point in time. As Cochrane (2001)
points out, the estimation of a single beta using time-series averages and the Fama-MacBeth esti-
mate do not have to be identical if the explanatory variables vary over time. Secondly, the infor-
mation involved in the two method implementations is different because in the Fama-MacBeth
procedure we use 60 previous observations for the estimation of time-series betas.

With respect to the fact that none of the models is rejected using JH distance, we might think that
the statistical power of the tests to reject the null is substantially low. For example, our sample period
is not large relative to studies employing US data. Previous simulation studies find that standard errors
given by GMM procedure are likely to be understated in small samples (Smith, 1994). Therefore, the
statistic for individual significance tends to reject the hypothesis that the parameters are equal to zero
too often and, likewise, the specification test tends to reject the model too often. Here we run into the
opposite case entirely, and hence we have not considered applying finite sample adjustment. In addi-
tion, we have sought to prove the robustness of our results using complementary analysis. We find that
consistent results are obtained both when we test the specification of the models using the Hansen and
Singleton (1982) optimal weigh-ting matrix in the GMM implementation, and when we use a Wald
test based on the quadratic sum of the residuals from OLS or Generalized Least Squares estimation of
the beta models.2! Lastly, the results may also be due to low levels of dispersion among portfolio

Evaluating multi-beta pricing models....

20 The HJ statistic for the conditional version of the non linear CAPM has a value of 4.55 instead of 9.53 for the stat-
ic model, with a p-value of 87%. 1 05

21 As an example, when we test the specification of the CAPM, the model that is most likely to be rejected given empirical
literature, the value of a Chi-square statistic based on Generalized Least Squares estimation is 11.68 with a p-value of 0.17.
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returns. To check for robustness in portfolio formation, the analysis has been repeated using alterna-
tive criteria for ranking stocks. The results (not shown but available upon request) are very similar
when we use portfolios based on book-to-market ratio, momentum strategies, spreads or market betas.

6. CONCLUSION

Due to the weak empirical support obtained by the unconditional CAPM, alternative sources
of common risk factors have been proposed in the asset pricing literature. In this paper we have
chosen five asset pricing models which, to our understanding, can be considered as representa-
tive candidates of the ones employed in this research framework. The conditional CAPM of
Jagannathan and Wang (1996) and the intertemporal asset pricing model of Campbell (1993) are
employed to pick up changing business cycles, in which book-to-market and dividend yield
ratios are chosen as predictors of changes in the investment opportunity set. A non-linear pri-
cing kernel version of the static CAPM has the potential to explain some of the observed non-
linearities in the data related to preference for positive skewness. The static three-factor model
proposed by Fama and French (1993) allows for other (non-identified) sources of systematic risk
in addition to market return. Finally, a general multi-factor APT, where the unobservable factors
are estimated by the asymptotic principal component technique, is also included in our tests.

The results of the cross-sectional regressions of the returns of ten size-sorted portfolios on
the betas for the factors considered do not show substantial differences among the alternative
models analyzed, and they are not as satisfactory as we would like them to be. The empirical
evidence shows that characteristics such as size or book-to-market ratio can be correlated with
stock returns (Fama and French (1992) or Kothari et al. (1995)), but asserting that these charac-
teristics constitute the basis of systematic risk factors is not trivial. In the estimation of the Fama
and French model using the Fama-MacBeth procedure, we verify that none of the mimicking
portfolios of size and book-to-market represent risks that explain the cross-sectional average
returns. It is true that our time series is not excessively long and that it refers to a very particu-
lar market, but Jagannathan and Wang (1996) obtain results that corroborate our findings with
US market data. Likewise, these results question the use of the Fama and French model as a way
of adjusting for risk in event studies or in the evaluation of investment funds, among others. The
model with factors estimated by the asymptotic principal components technique does not offer
good results either, and in the estimation of the non-linear CAPM we must remark on the sig-
nificant role of the quadratic market return.

With respect to dynamic models within the Fama-MacBeth procedure, the empirical
results are not much better than the findings for static models. The results only show that
BM is significant in the conditional CAPM when the return on wealth is approximated with
the value-weighted market index. However, an important feature is the larger magnitude of
the market risk premium that these models obtain with respect to the static ones. In the
Jagannathan and Wang (1996) paper, the market risk premium is also more relevant when
the time-varying beta is included because of the conditional character of the model. The
market factor may not be as irrelevant as history shows, but it may just be that a static
model imposes excessively unrealistic assumptions on its beta.
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Lastly, an estimation of the SDF representation of the models by GMM and a comparative analy-
sis using the Hansen-Jagannathan distance is performed. Again, none of the factors in the GMM esti-
mation are statistically significant, maybe because eight of the ten portfolios present very little disper-
sion in returns, as we can observe in Figures la and 1b. In fact, this low cross-sectional variability in
returns may also be responsible for the impossibility of rejecting any model using the HJ distance. In
any case, however, it seems clear that dynamic models are adding some information which reduces
pricing errors with respect to static models (in the same way as the estimation of market premium
improves when state variables are considered). The HJ value is considerably smaller for Campbell’s
intertemporal asset pricing model and the conditional CAPM of Jagannathan and Wang (1996) than
for static models. This result is perfectly manifested in the graphical representation of the pricing errors
in Figure 2. This estimation methodology, which weights the pricing errors of the ten portfolios with
the variability of their returns, fits the realized returns as well as the evidence shown for the dynamic
models in Figure 2. We definitively recommend dynamic asset pricing models relative to static com-
petitors when explaining average returns on the Spanish stock market.
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