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The stock market predictability has been a favorite topic of scholars and
practitionersalike. It seemsthat some small predictability ispresentinall major
stock markets worldwide. This predictability can be attributed to the risk
premium structure and/or to inefficiencies present in the markets. This paper
investigates the predictability of returns of some major shares listed in the
London Stock exchange, using economic as well as accounting variables. We
first measure the predictability of these variablesby regressing individual stock
returns on their corresponding accounting variables and the economic ones.
Second, we estimate for the returns a seasonal latent factor model with time
varying volatility. Provided that our measure of risk is an adequate one, the
residuals of this estimation are free of the predictability of risk premium, and
consequently one expects that any accounting and factor economic variables
would have no predictive power. An LM-type test is developed and employed
to indicate that indeed the U.K. stock market predictability is due to the risk
premium structure, and the explanatory power of the variables considered here
is due to them being an approximation of risk. However, when we perform the
test jointly for all assets, we reject the zero predictability hypothesis at 5% but
not at 1% (JEL: G12, G14, C10).
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I. Introduction

Since the end of the seventies there has been growing evidence that
macroeconomic and accounting variables as well as seasona
regularities can predict stock returns. Some authors interpret this as a
rejection of the Semistrong-Form Efficient Market Hypothesis (EMH)
(see, e.g., Fama[1991]). Others, however, argue that tests which reject
the above hypothesis fail to model risk appropriately. Two main
methods have been adapted to model conditional risk premia. Thefirst
isto accept apriory that any predictability isdueto thefact that thetime
variation of these variables approximate risk premia. Alternatively, in
a multivariate set-up, the latent factor model of Diebold and Nerlove
(1989) and the factor GARCH of Engle (1987) are the best-known
examples of how to obtain a parsimoniousrepresentation of risk premia
as functions of the conditional second moments of returns.

This paper develops a procedure to investigate stock return
predictability in a time series setup and applies this procedure to
individual stocks quoted at the London Stock Exchange. Thisinvolves
first examining whether thereis any predictability from alarge variety
of accounting and economic variables. To account explicitly for risk
premiatime variation we estimate a multivariate conditional Arbitrage
Pricing Theory (APT) model. Thisway ensuresthat first, thepredictable
component in returns is a risk premium, and second, by having a
seasonal factor that is zero in non-January months, the January effectis
due to a higher risk premium for this month. Provided that the asset
pricing model is correctly specified and the EMH holds, the
predictability of any lagged economic and/or accounting variables
should be statistically insignificant. To test this we develop a robust
LM-type test. If the returns’ predictability is due to the risk premium,
theexplanatory power of thelimiting factorsrepresenting portfoliosand
the instruments on the conditional APT residuals must be insignificant.
Alternatively, if the LM test rgjects the null hypothesis of zero
additional predictability, then either the asset pricing model is not
well-specified, and/or the predictability of the instruments is due to
inefficiencies in the market.

We apply the developed procedure to monthly excess returns of
individual companies listed in the 100 FT Index. We document the
predictability of the accounting and economic variables for the
individual stock returnsin the U.K. market. In terms of the conditional
APT model we confirm that the risk-return relationship is different in
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January comparedto other months, however thisrelationshipisdifferent
as compared with the U.S. experience. Finally, in terms of U.K. market
efficiency, our results strongly indicate that the predictability of the
accounting and economic variables considered here, is due to risk
premium and disappears as soon as its structure is taken into account.

In section 1l we provide a genera analysis of the EMH topic and
analyzethe potentially predicting instruments. In section 111 we present
the conditional APT model and devel op the LM test along with aMonte
Carlo exerciseto assessits propertiesin section V. Section V presents
the empirical results. We conclude in section V1.

[l. Instruments and the Information Set

The most commonly used model of stock returns makes the expected
excess return a function of volatility (see, e.g., Merton [1980]). If
expectations are also assumed to be rationa, then we have the EMH
model with the implication that information available at timet — 1
cannot help us predict risk-adjusted excess returns. An important
alternativeto the EMH model arethe so called “fads” or “ noisetraders’
models (see, e.g., Shiller [1984], Sentana and Wadhwani [1991], and
Campbell and Kyle [1993]). Consequently, the predictability of
risk-adjusted returns may be interpreted as evidence in favor of the
“fads” model and against the specific parameterization of the EMH
model. Expected and/or unexpected macro variables aswell asvarious
default or term spreads, interest rates, stock and/or bond indices, and
stock index dividend yields are very popular economic indicators that
are employed to predict stock returns.! However, this predictability
could be attributed to either the structure of risk premia or to market
inefficiencies.

Our lagged economic information set includes, among other
variables, the retail price index, the MO money supply and industrial
production. From the price index we construct the inflation series and
we estimate, recursively, the expected inflation using the procedure
developedin Ferson and Harvey (1991). The same procedureisapplied
tothe MO and industrial production data. We evaluated the term spread

1. See eg., Campbell (1987), Fama(1981), Famaand Schwert (1977), Harvey (1991),
Lee (1997), Lo and MacKinlay (1997), Poon and Taylor (1991), Sentana and Wadhwani
(1991), and Wong et al. (2001).
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as the difference of the 20-year and 1-month rates. As measures of
interest rate trends we use the monthly changes of the two Treasury
Billsand the Government Bond. Hence, our set of economicinstruments
consists of 26 variables (see appendix, table A).

Out of these 26 instruments we choose 16 canonical factors, which
explain 86.6% of the maximum correlation between these instruments
and the excess returns under consideration. This approach is most
appropriate in our case, as the objective is to form factors that are
maximally correlated with the returns under consideration.? It is also
closely related to the Lo and MacKinlay (1997) Maximally Predictable
Portfolio (MPP) one. Furthermore, this procedure was chosen under
power considerationsfor the application of the LM test (see section V).
Moreover, our setincludesvariablesthat are considered to be stationary
aswell asnonstationary.® Applying the canonical correlation procedure
ensures that the linear combinations of these instruments will be
correlated with linear combinations of stock returns. Finaly, our
approach ismore general than just putting the stationary instruments as
predictors, asin our case we also use any stationary linear combination
of the nonstationary processes.

Turning our attention now to the accounting variables, nine are
included in our accounting information set (see appendix, table B).*
Another stylized fact of monthly stock market returns is the January
Effect (documented internationally see, e.g., Gultekin and Gultekin
[1983]). Hence, a January dummy isincluded in our information set, to
take into account the tendency of stock returnsto be higher in January
than therest of the year. Consequently, werun thefollowing regression
for each of the 45 common stock excess returns:

e =Y+ 7D + VoXy g+ o+ VoXaa + Yo fltc +...7s ffét +17; (1)

where D, is a January dummy, r;, is the excess return—over and above

2. Thismethodisalso supported theoretically asamethod of forming portfoliosthat are
maximally correlated with factor scores (see Huberman et a. [1987]).

3. Thisnonstationarity makes the methods of principal component and factor analysis
inappropriate.

4, See eg., Al-Qenaeet a. (2002), Campbell and Shiller (1998), Chan et a. (1991),
Fama and French (1988) and (1996), Jermakowicz and Gornik (1998), Shiller (1984), and
Wong et al. (2001).
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the safe rate—of the i™ company, x,, ; t0 X, _, are the 8 accounting
variables of the same company, and f5, to i are the 16 canonical
factors. Hence, there are 25 predictive variables, 26 including the
constant y,.°

[11. A Time-Varying Volatility Seasonal L atent Factor M odel

From the above section it is clear that the key of this controversy isthe
modeling of the risk premium, and specifically, its time variation.
Consequently, an unconditional setting may not be appropriate, since
most recent asset pricing models call for conditional moments (see
Keim and Stambaugh [1986]). The theoretical asset pricing model is
based on King et al. (1994), where more details can be found. The
model is based on a universe with a countably infinite number of
primitive assets. The gross return of asset i inperiodt, R, (i=1, 2, ...),
isgenerally uncertain since the asset isrisky. However, we assume the
existence of a safe asset, whose return, Ry, is determined at the end of
periodt—1, and consequently isknown to agents. Thebasic assumption
made on the stochastic structure of asset returnsisthat the unanticipated
component of asset i’s return has a conditional factor representation,
where the common factors capture systematic risk affecting all assets.
We assume (without loss of generality) that they are conditionally
orthogonal and that they have time varying conditional variances, 4; (j
=1, 2, .., K). For the idiosyncratic terms, we assume that they are
conditionally uncorrel ated to each other, which correspondsto an exact
conditional k factor structure (see Chamberlain and Rothschild[1983]),
and have constant conditional variances w;.

Let Ry,....Ry be the returns on k limiting factor representing
portfolios, i.e., unit cost well-diversified portfoliosof risky assetswhich
have unit loading on only one factor and zero loadingson therest k—1.
Then, inthisframework, it ispossibleto provethat the excessreturn, r,
=R,—R,, of thei" asset is:

e = BTyt t BudaTa + Bufu + 4 B fet €4
i=12.)

5. Noticethat the aboveregressionsare sensitive to the Stambaugh (1999) criticismfor
small-sample bias. Nevertheless, in our application this biasis of small order as we employ
monthly data (see Ang and Bekaert [2001]).
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where 7, is the price of risk of thei" factor (i = 1, 2,..., K).
In this paper we consider a two-factor model for the N individual
stocks. Thefirst one has atime varying conditional variance given by:

ﬂlt =Yt l/llE[—l( flt—l) + l/IZE[—l( flt2—1> + l/fsﬂn—l (2

so that 1, is a measurable function of the information set and
consequently a correction term is included, which reflects the
uncertainty related to the estimation of this unobserved factor (see
Harvey et al.[1992]). Furthermore, E,_,(f,,_;) incorporatesthe so-called
leverage effect, i.e., a decline in share prices increases volatility by
more than a price increase of the same size (see Campbell and
Hentschel [1992] for U.S. and Demoset al. [1994] for theU.K.). Hence,
for ,, the QGARCH (1,1) model of Sentana (1995), is employed.

Following Demos et al. (1994), the second factor is a seasonal one,
which capturesthe January effect, with constant variancein January and
zero otherwise. Hence, we are effectively assuming a seasonal factor
structure in which the number of factors in January (two) is different
from the rest of the year (one), something which is in line with the
empirical findings of Cho and Taylor (1987), and Connor and
Korgczyk (1988). However, to ensure that the first factor is the same
al year round, we do not divide our sample observations into January
and rest of the year, but rather estimate our model using al months
simultaneoudly. Finally, we assume that the factor loadings and prices
of risk are time invariant.®

Hence, we consider the following model, in vector notation for the
N assets at hand and assuming that the common factors and
idiosyncratic noises have ajoint conditional normal distribution:

r,=BA, 7+ Bf +¢€, (3)

@/ a” NKSJ& gﬂ @

where A, =diag {1, d}, d,= 1 for January and O otherwise, f, = (f,,, f,,)/,

6. Notice, however, that for an aternative scaling of the factors with unit conditional
variance, themodel can also beinterpreted asatime-varying factor betasmodel with constant
variance factors (see Demos and Parissi [1998]).
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fx 1sOin non-January, = = (tt,, 7,)/, and Q = diag { w,,..., w\} -

IV.TheLarge-N LM Test

To clarify the Large-N LM (LLM) test, let us consider equation (3) but
augmented by m, variables, say x;,, which are specific to asset i and m,,
say ¥, common to all assets. Let uscall CtheN x (my, + m,) matrix of
parameters, and z = (X XwY) the (my + m,) x 1 vector of
predetermined variables. We would like to derive the LM test for the
hypothesis that C = 0. However, there are no closed form expressions
for the first derivatives of the log-likelihood function and the
Information Matrix isnot block diagonal between the mean parameters
and the factor conditional variance ones (see Demos and Vasillelis
[1999]). Consequently, the LM test would involve the regression of the
residuals €, on the cross products of the variablesin z, the estimated
factorsand their conditional variances, an excessively large number of
variables.

However, if the common factors were observed the k x 1 vector of
factor representing portfoliosrg, would be Az + f,, sothat r, = Cz + Bry
+v,. Furthermore, if the conditional variances of the common factorsdo
not depend on B, C, Q and the parameters (z, ) and (B, C, Q) are
variation free, we would have performed a sequential cut on the joint
log-likelihood function of r,, r,, whichwould maker,, weakly exogenous
for B, C and Q (see Demos and Sentana [1998]). As a result, the
unrestricted ML estimates would be multivariate regression estimates,
which, under the diagondity of Q, are smply obtained from N
univariate OLSregressions of each r;, on z, and r,,. Then the LM isthe
usual onefor C, =0, i.e. itis TR? from the regression of theresiduals ¢;,
on z, and r,, and it is distributed as y* with degrees of freedom the
dimension of z,. Taking into account that the covariance matrix of
residuals, Q, is assumed to be diagonal, the LM test can be performed
equation by equation (see Demos and Vasillelis[1999], for details).

Torobustify, to departuresfromthenormality assumption, theabove
LM test, one can follow the 3-steps procedure of Wooldridge (1990). In
thefirst step, theresidual's, thevector of scoresunder thenull (thefactor
representing portfoliosin our case) and the misspecification indicators
(z for our case) are standardized by some weights.” The second step

7. Inour case the weights are trivially one (see Davidson and MacKinnon [1985]).
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involves the regression of the elementsin z on the factor representing
portfoliosand savetheresiduals, say z,. In thethird step weregress1 on
the elements of Z, multiplied by the APT residuals. The robust LM test
isTR2=T — SR, where SSRis the Sum of Squared Residuals from the
last regression. Thetest is asymptotically distributed as y? with degrees
of freedom the dimensionality of z.

Unfortunately, the limiting factor representing portfolios are not
observed and have to be estimated, in our case by the Kalman filter.
However, as the number of assets increases, the estimated limiting
portfolios converge to the true ones (see Demos and Sentana [1998],
Grinblatt and Titman [1987], and Sentana[2002]) and consequently, the
truelimiting factors are revealed and are weakly exogenous. Hence, the
LM test of the previous paragraph applies. In that sense, the asymptotic
distribution of the LLM test isay?, requiring not only the time sample
size to approach infinity, but the cross-sectional size, to increase as
well .2 However, acomplete analysis of N and T asymptoticsislacking.
To assess the effect of parameter uncertainty, i.e. stemming from T
being finite, and large N approximation on the LLM test we perform a
Monte Carlo exercise.

A. Monte Carlo Smulations

We generate 8000 samples of 250 observations each (plus another 250
for initialization) of a multivariate, with N = 7, exact single factor
model. Each of the seven returnsis generated by:

M= B+ B+ v,
fori=1,...,7

wheref, ~ N(0,4), 4, = 0.25-0.23f,_, + 0.1f7 , + 0.65 4,_,, vi,t ~ N(0,)?)
andy={1,5}, corresponding to high and low signal to noiseratios.’ The

choices of the price of risk and factor loadings are the following: = =
0.9, 5, =05, 8,=04, p;=0.35, 8, = 0.6, 5= 0.2, s = 0.15, and 3, =

8. Infact, itispossibleto provethat, under appropriate conditions, even the OLSfactor

scoresare v N -consistent (see Sentana 2002).

9. Asthe unconditional variance of the factor is 1, the variance of the idiosyncratic
noiseiswhat is known in the literature signal to noise ratio see, e.g., Harvey et a. (1992).
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0.21. Noticethat, all the af orementioned parameter valuesand with low
signal to noise ratio, i.e., y = 5, roughly match the results in the
empirical application section. We further simulate the variables x,, =
0.9%;_, + 0.7f, + €4, X5 = —0.5%;,_; + 0.3f, + €, and X5, = 0.8%5,_; + €4
where (€4, €11, €1 / ~ N(O, I3), representing two “economic” variables
inthespirit of King et al. (1994) and one additional whichiscompletely
unrelated to returns.

Astheestimation of latent factor heteroskedastic modelsisvery time
consuming (see also Demos and Sentana [1998], Lin [1992], and
Sentana and Fiorentini [2001]), to estimate the factor via the Kalman
filter for the above multivariate model, even with only seven assets, in
each of the 8000 replications is a formidable task. However, the
objective of these simulations is to incorporate two sources of
uncertainty. One is associated with the estimation of the factor and
consequently, with the factor representing portfolio, i.e., the finite N
source of uncertainty. The second is associated with the estimation of
the parameters of the model, i.e., the finite T source of uncertainty. In
fact, in each replication we estimate the limiting factor portfolio by

PPN )—1 ~

. /a1
GLS, i.e Fro :(ﬁ I' B) BT r where the hat denotes the OLS

estimates from the regressions of the individual asset returns on the
simulated factor representing portfolio, thusincorporating both sources
of uncertainty. Notice that according to Sentana (2002), the GLS
limiting portfolio estimator is, for any fixed N, less efficient as
compared to the Kalman filter one. In fact, the relative unconditional
efficiency is, in our case, 0.04 and 0.5, respectively for the low signal
to noise ratio for the high one. Hence, employing the conditional
Kalman filter to estimate the factor has considerable efficiency gains.
Thisisvery important as one expectsthat the size distortion of the LLM
test employing the conditional Kalman filter scoreswill be much lower
as compared with the one employing fS.

Under the null hypothesisaconstant, x,;, X,, and x5, should have zero
predictive power on the residualsfrom the regressions of returnson the

estimated GLS portfolio, r . . Consequently, the robust LLM test for

each individua asset should be distributed as y3, whereas under the
hypothesis of diagonal idiosyncratic variance, their sum should be
distributed as y,. The p-value discrepancy plots proposed by Davidson
and MacKinnon (1998) areemployed to display thesimul ation evidence
onthesizeof thetests. Figure 1 presentsthe size distortions of the LLM
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FiIGURE 1.— P—value Discrepancy Plots

test for thefirst individual asset, LM1—HI and LM1-LO, and the sum
of the LLM testsfor all individua assets, LMS—HI and LMS—-LO, for
highand low signal to noiseratio. Thelargest sizedistortionisobserved
for the sum of individual LLM tests when the signal to noise ratio is
low, whereas the sum of individual LLM tests when the signal to noise
ratio is high isvery close to the nominal size.

To investigate the power of the LLM test, we simulate the seven
returns by the following process:

e = 0.1+ X g + X _q + X g + 74+ Bif + v,
forl=1,.5

where the processes X, Xo, X, @nd 4, are generated as before, and the
parameter values of 7 and the f's are as above. The evidence for the
power of the four testsis presented in figure 2 using the Davidson and
MacKinnon (1998) size-power curves. The least powerful test is, as
expected, theindividual LLM test when the signal to noiseratio islow.
However, notice that athough in this section the factor scores are
estimated by GLSin the application they are estimated by the Kalman
filter with time varying weights. As now the relative efficiency of the
two estimatorsisat least 0.04 it is expected that the individual Kalman
filter LLM tests will be considerable less size distorted and more
powerful than the GLS ones.
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V. Empirical Application

We consider all individual excess returns from stocks continuously
quoted in FTSE 100 Index of the London Stock Exchange throughout
our sample period 1973:3 to 1992:6. This results in a number of 45
individual companies, and each of them contains 232 observations
acrosstime.’®* All dataare collected from Datastream. We consider as
a safe rate the 1-month T-bill rate® Let us first consider the
predictability of the accounting and economic variables,

A. Predictability of Instruments

We extract 16 canonical factors, which explain 86.6% of the maximum
correlation between these instruments and the 45 excess returns under
consideration. Our approach is more time efficient than the MPP of Lo
and MacKinlay (1997) asit skipsthe step where individual returns are

10. This selection could introduce survivorship biases. However, any other selection
criterion would result in lack of data on the accounting variables.

11. See Demos and Vasillelis (1999) for the names of individual companies.

12. Updating the dataset is not asimple task. Apart from the fact that thereis no access
to Datastream any more, the main difficulty is that some of the companies are not quoted
anymore at the London Stock Exchange as they have, probably, merged.
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regressed on the instruments. In any other respect both techniques are
identical (see Demos and Vasillelis [1999]). The first factor explains
more than 57% of the MPP, whereas the 26" factor explains only 1.6%
of the least predictable portfolio. To specify the number of significant
canonical correlations, in our case, isnot asimpletask. Thisis because
first the number of instruments is quite large, and consequently any
attempt to test for the number of significant factorsisbound to fail due
to the excessively large number of degrees of freedom.* Second, in our
sample there are at least three variables which are considered
nonstationary. Even after takinginto account our maintained hypothesis,
i.e., that there exists at |east one cointegrating relationship, this would
possibly result in further deterioration of the power of any statistical
test. Bearing also in mind the results in Foster et al. (1997), Lo and
MacKinlay (1997) and Ang and Bekaert (2001) we decided to specify
the number of canonical factors to 16, thus hoping to avoid first any
statistical artifacts which may result from data mining, second any
spurious results from the nonstationary variables, and third possibly
reduce the small-sample biases.**

L et usnow turn our attention to the prediction results of equation (1)
in section 2. As we are looking for the highest R* we use equation by
equation OLS procedure. R?’ s range from 17.71% to 36.00% with an
average value, over the 45 regressions, of 28.18%, whereas the

equivalent R?'s (adjusted for the number of explanatory variables)
range from 7.72% to 28.22% with an average value of 19.46% (for
compl ete results see Demos and Vasillelis [1999]). For monthly data,
these R?’ s are much larger than the ones reported in the literature (see
e.g. Campbell [1987], Fama[1991], Ferson and Harvey [1991], Keim
and Stambaugh [1986], Lo and MacKinlay [1997], Sentana and
Wadhwani [1991] etc.), and they become more impressive when one
considers that we examine excess returns of individual companies,
which in genera are noisier than portfolio ones. However, thisis the
first time, at least to our knowledge, that such an extensive dataset of

13. For example, the test that the last 11 canonical correlations are jointly zero has a y?
distribution with 319 degrees of freedom (see Anderson [1984]).

14. One weakness any statistically motivated approach such as canonical correlation,
principal components or factor analysisis that the factor weights are not scale free. Hence,
any attempt in investigating the importance of each one of the economic variables would be
ambiguous. Furthermore, the resultsin Stambaugh (1999) and Ang and Bekaert (2001) cast
additional doubt on the interpretation of the factors.
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instruments, including both economic and accounting variables, is
employed.

One should be careful how to interpret these results under the light
of Stambaugh (1999), although for monthly data the biases should be of
small order (see Ang and Bekaert [2001]). Furthermore, whether these
resultsrepresent genuine predictability or arestatistical artifacts(seeLo
and MacKinlay [1990]), is a matter of consideration. From the results
in Lo and MacKinlay (1997), it seems that what is important for the
critical values of maximum R? is the number of observations (see also
Lo and MacKinlay [1995]). However, notice that these critical values
are for 6 predictive variables, a number which falls short of 26, the
number of instruments in our case. Up to what degree this difference
will affect the R? critical valuesis not known. Nevertheless, it is only
natural that our choice of variables, either economic or accounting, is
driven by theoretical aswell as empirical arguments. In fact thisisthe
main scope of this paper, i.e., to identify if there is any “true’
predictability coming from a wide range of accounting and economic
variables. This, however, introduces pre-test biases in the terminol ogy
of Lo and MacKinlay (1990). Consequently, it is difficult, if not
impossible, to avoid this fact, especially on atopic such asthe EMH.

B. The Seasonal Latent Factor Model

As we consider 45 assets, which is, to our knowledge, the largest
number of assets where amodel with time varying conditional first and
second moments is estimated, the total number of parametersis 140.%
Hence, to speed up the estimation procedure, we employ the EM
(Expectation-M aximization) al gorithm suggested in Demosand Sentana
(1998) to obtain good starting values for a standard quadratically
convergent method. Estimating the conditional APT model in equations
3 and 4, we get factor loadings that they range from 4.67 to 9.17 and
—7.20 to 9.65 for the first and second factor, respectively. The
cross-sectional variance of the betas for the first factor is 0.96,
something which isvery important for the mean square convergence of
the limiting factor representing portfolio. The values of two prices of
risk are 0.05, for the whole year one, and 0.12 for the January one, both

15. Whereastraditional applications of factor analysis on asset returns often usealarge
collection of assets, those that take into account variation in conditional moments have
considered amuch smaller number of assets (seeNget al. [1992], King et al.[1994], Sentana
[1995] etc.). Thisis because the estimation of such modelsis very time-consuming.
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FIGURE 4.— January-Factor Scores

positive, with t-statistics of 0.74 and 0.45, respectively (analytical
results are available upon request). These values are considered very
small, which indicates that these variables are imprecisely estimated,
something which is not new in applied work (see King et a. [1994]).
This, however, ismainly dueto the noisein the data. Furthermore, what
isimportant for our question isthe time variation of the risk premium,
i.e. Sy, + B0z, and not the values of the prices of risk.
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In figures 3 and 4 we present the estimated all-year and January
factors, respectively. For thefirst figure the crash of October 87 stands
out, whereas the January factor exhibits a positive return of 3.9% in
January 1975. Figure 5 presents the estimated conditional variance of
thefirst factor. In accordance with the resultsin Sentana (1995) for the
FT500, there seemsto be afair amount of variation over timeand afair
degreeof persistence (estimated value 0.752). Two periodsof increased
volatility are apparent: the pre-January 1975 period and the October
1987 crash. There is also evidence of dynamic asymmetric, leverage,
effect (estimated value —0.226, LR = 10.22, p-value = 0.001, see table
1).

A number of misspecification Likelihood Ratio tests are presented
in table 1. The test for including constants in equation 3 is 27.24.
Consequently, the null hypothesis of zero intercepts cannot be rejected
at 5% level (p-value = 0.98). This is an important result, as in the
opposite case it could be claimed as evidence of anyone or all of the
following facts. First, the estimated limiting factor representing
portfolioisestimated inefficiently (see Gibbonset al.[1989]). However,
using the Kalman filter to estimate the factor, this possibility is rather
low. Second, as we assume constant idiosyncratic variances, the
existenceof significant constants could beanindication of idiosyncratic
risk pricing. In any case, rejecting the null of zero intercepts would
indicate model failure, asit would imply that it does not price assets
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TABLE 1. APT Tests

Test Value Critical Vaue under H,
y1=0 10.22 oo = 3.84
Constants in the mean 27.24 Xassw = 61.65
Proportionality 131.80 s = 61.65
Unconstrained 7, 40.38 Yonsv = 60.60
Unconstrained 7, 74.68 Yonsv = 60.60
Ljung-Box Q-test of

f, 1\ A 6.88 Losn =210
Ljung-Box Q-test of
2
|: fi I\ Ay :| 327 Kizsn = 21.0
Normality of
f, 1\ A 72.16 2 = 5.99

Note: Testson the following APT model:
/’llt O z.l flt
r.=(4, + (A, +V,
SUVA I IETVA S
where d, is 1 for January and O otherwise and

211 =¥, +l//1Et—1( flt—l) + '/IZE[—l( fnzfl) + l//S/’llt—l .

correctly on average.’® Third, the existence of amissing priced factor.

The January effect can be attributed to the seasondlity in the
conditional variance of asingle factor (see Ferson and Harvey [1991]).
In our setup, thiswould mean 45 testablerestrictions, i.e., that for each
asset, the factor loading of the first factor is proportional to the factor
loading of the second factor with the same proportionality factor asthat
of thetwo pricesof risk (z, = 6, and 5, = 9p;, for i = 1,...,N). However,
the Likelihood Ratio strongly rejectsthishypothesis (avalue of 131.80,
p-value = 2¥107%%). Consequently, we can say that the U.K. stock

16. However, notice that thisis not the case when the factors are approximated by other
methods (see, e.g., Famaand French [1996]).

17. However, even in this case, under some conditions, an APT model still applies (see
Middleton and Satchell [1999]).
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exchangeis characterized by the fact that not only is the risk premium
higher in January inabsoluteterms, but that the cross-sectional structure
of returnsis affected aswell. Thisisin contrast to the U.S. experience
(see Ferson and Harvey [1991]).

The conditional APT model in equations 3 and 4 has two cross
equationrestrictions, i.e., thepricesof risk, 7, and z,, are common across
assets. The likelihood ratio for unrestricting 7, is 40.38, which is
insignificant at 5% level (p-value = 0.63). However, unrestricting z,
producesalikelihood ratio statistic of 74.68, which issignificant at the
same level (p-value = 0.002).Consequently, we can conclude that the
price of risk iscommon to all assetsall year round, apart from January.
Thisrejection of thecommon priceof risk for January isanother feature
that differentiates the U.K. from the U.S. stock market, asin the latter
the risk-return relationship is stable across assets only for the January
returns. One possible explanation is that the factor for January, asit is
modeled here, is not a fully seasonal factor, in the sense that for the
other months of the year its value is 0. Although the hypothesis of
common January price of risk is rejected by the data, we keep this
restriction, asin thisway we can claim that what we extract from the
individual asset excess returns is a January risk premium, something
which isin line with the APT.*

Finally, we test the assumptions postulated by equation (4).
Employing the Ljung-Box Q test the hypotheses that the standardized
latent factor and its square are uncorrelated up to 12™ order are not
rejected at 5% level (p-value = 0.865) and (p-value = 0.993),
respectively. However, the normality of this random variable, as
measured by the Jarque-Bera test, is rejected (p-value = 0.000).
Furthermore, the APT residuals are not normally distributed, at 5%
level, in 34 out of the 45 cases. Nevertheless, the non-normality of the
standardized factor and the APT residuals do not affect the distribution
of the robust LLM test.

C. The LLM Test Results

Let us now consider the residuals &, from our seasonal latent factor

18. The closest to our model with the U.S. dataiis the factor GARCH employed by Ng
et a. (1992), where they consider 3 factors one of which is closely related to a January
dummy. However, they do not test for the extra cross equation restriction implied by this
factor.
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TABLE 2. Robust LLM Test

Stc. No LLM Stc. No. LLM
1 32.95 24 32.62
2 34.95 25 29.56
3 41.15* 26 40.01*
4 40.71* 27 25.69
5 39.82* 28 43.57*
6 30.19 29 39.56*
7 31.90 30 22.06
8 31.61 31 32.68
9 40.26* 32 31.58
10 33.73 33 39.82*
11 34.46 34 25.25
12 44 33* 35 43.37*
13 21.97 36 44.19*
14 28.13 37 33.23
15 28.11 38 34.57
16 34.70 39 35.22
17 40.18* 40 22.09
18 37.73 41 24.04
19 28.17 42 32.24
20 29.67 43 27.90
21 39.42* 44 26.52
22 29.21 45 36.12
23 34.95

Note: Robust LLM test for 45 individual shares g5 o, = 38.8, ¥z, = 45.6
(*) significant at 5%.

model (see equations (3) and (4)). It is obvious that any predictability
of thetwo risk premiahas been extracted. Consequently, if thereisany
predictability fromtheeconomic and/or accounting variablesit could be
attributed to either anyone or all of the following reasons. First, the
adopted asset pricing model doesnot hold, i.e., it does not approximate
risk premia adequately. Second, there are indeed inefficiencies in the
market. On the other hand, if these potentially predictive variables do
not haveany power ontheresiduals, their initial predictability onexcess
returnswas dueto thefact that these variabl es approximaterisk premia.
Toresolve the above question weempl oy therobust LLM test of section
V.

In table 2 we present the robust LLM test for the 45 individual asset
excess return. In 13 out of 45 cases we reject, at 5% size, the null
hypothesisof zero coefficientsfor the predictivevariables, whereasthis
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number reduces to O for a 1% size test. It could be claimed that these
results are due to the fact that the robust LLM rej ects the null when the
RZishighto start with and vice versa. However, the correl ation between
the two is only 0.29. Consequently, it seems that R? and robust LLM
values are correlated only mildly.

Inthe light of these results we can say that there is no predictability
of the accounting and economic instrumentsin 71.1% of theindividual
stocks. Thisof courseisnot very impressive especially if oneconsiders
that the expected number is 95%. However, there are two points that
could explain theseresults. First, thedistribution of therobust LLM test
could be affected by the biases of the coefficients (see Stambaugh
[1999]). Second, noticethat the procedure applied to formthe canonical
variates uses the whole sample of 232 observations, something which
is of great importance as existing evidence supports the time variation
in the factor weights (see also Lo and MacKinlay [1997]). In such a
case, thewholetesting procedureisin favor of the predictive variables,
asthe latent factor model isimplicitly atime varying parameter model
(see section 11). Of course the same can be claimed for the accounting
variables, the January dummy and the constant. However, the Chow
tests, breaking the sample of 232 observationsinto 2 subsamples of 132
and 100 observations respectively, reject the null in only 8 cases out of
45 at 5% and 3 at 1%.

To investigate this issue we evaluated the 16 canonical factors for
the 150 last observations recursively, i.e. starting from the 82™
observation we form the factor scoresfor timet by using the estimated
weights from periods 1 to t — 1. Repeating the OLS regressions of the
excess returns on the accounting and the 16 recursively estimated

factors, the average R? is now 25.32% and the average R?is 10.27%,
both lower than previously when the weights for the canonical factors
were estimated from the full sample.™®

In terms of the robust LLM, at size 5%, we now have only 2 cases
wherethe null isrejected, whereas at 1% we do not reject in any of the
45 individual cases (see table 3). Consequently, we can say that in at
least 95.5% of the casesin the U.K. stock market, the latent factor APT
model considered here explains excess returns better than a constant, a
January dummy, the 8 accounting and 16 economic canonical factors.

19. Employing recursiveestimation and predict thewei ghtstoformthefactor scoreswill
also reduce the bias problem.
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TABLE 3. Robust LLM Test Forecasting the Canonical factor

Ste. No. LLM Ste. No. LLM
1 29.42 24 23.81
2 29.25 25 31.18
3 22.43 26 29.04
4 36.82 27 34.17
5 27.28 28 23.25
6 31.02 29 33.08
7 22.77 30 25.36
8 26.60 31 30.56
9 29.31 32 28.71
10 26.28 33 33.40
11 31.09 34 22.81
12 28.11 35 30.36
13 28.75 36 28.03
14 28.55 37 3291
15 33.57 38 33.43
16 33.01 39 34.48
17 25.12 40 18.32
18 30.36 41 25.39
19 27.78 42 32.21
20 34.83 43 19.08
21 40.07* 44 25.03
22 24.69 45 36.28
23 39.27*

Note: Robust LLM test for 45 individua shares. Forecasting the canonical
factor % e, = 38.8, Y215 = 45.6 ,(*) significant at 5%.

Hence, taking into account also that the latent factor model is a
relatively simple one, with only oneall year factor and an additional for
January, these results indicate that the predictability observed in the
U.K. stock market is probably due to risk premia and not due to
inefficiencies. Alternatively, it could be the case that the power of the
individual robust LLM tests are very low, athough the simulationsin
section 1V B indicate that thisis not the case.
Toinvestigatethisissueabit further, wetest the null hypothesisthat
the APT residual predictability, of the 26 instruments considered here,
iszerojointly for the 45 individual cases. Noticethat thejoint testisin
principal more powerful, something which is also confirmed by the
simulation exercise(section 1V A). Under the maintai ned assumption of
an exact 2 latent factor seasonal model the residual idiosyncratic
covariance matrix is diagonal. Consequently, the robust LLM tests are
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independent. Applying the Central Limit Theorem for identically and
independently distributed random variables we get that the sample
mean, standardized appropriately, has, under the null, astandard normal
distribution. However, in our case the statistic takes the value of 3.04
(p-value = 1.2107%), which highly rejects the joint hypothesis. This
casts some doubt on the power of theindividual asset robust LLM tests.

Alternatively, this result could be attributed to the fact that the
number of cases, 45, isnot big enough to alow the standardized sum of
independent y5; random variables to approximate the standard normal
distribution adequately. To investigate this issue we generated 8000
samples of 45 independent random variables each distributed as y5; and
derivedthedistribution of their standardized sum. Theresulting p-value
for 3.04is 1.4* 107, which again rejects the null hypothesis at 5% but
not at 1%.

Furthermore, it could be the case that the rejection of the joint test
isdueto thefact that weimpose the restriction of common price of risk
for the January factor, 7,, a restriction which has been rejected by the
data (see previous subsection). Unrestricting z, and forming the joint
LLM statistic we get a value of 2.73 (simulated p-value = 2.3*1079),
again rejecting the null at 5% but not at 1%. Consequently, we can say
that the restriction of common price of risk for the seasonal factor only
marginally affectsthe regjection of thejoint test. Finally, it could be the
case that Q isnot diagonal or that the “true” number of factorsis more
than two. Inthefirst casethejoint LLM test isnot the sum of individual
ones whereas in the second, provided that the missing factors and
predictive variables are not correlated, the LLM test should not be
affected. We leave these issues for the future.

V1. Further Research and Conclusions

This paper contributes to the EMH issue, by suggesting a three-step
procedure to investigate whether the observed predictability in stock
returnsisduetoinefficienciesor dueto therisk premium structure. The
procedure is applied to monthly individual stock excess returns from
companies quoted at the London Stock Exchange. First, we document
impressive levels of excess return predictability by alarge variety of
lagged economic and asset specific accounting variables. Second we
employ a seasonal latent factor APT model which on average prices
assets correctly. Two important differences are revealed between the
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U.S. and U.K. stock markets: in the case of the U.S,, the risk premium
ishigher in January without affecting the factor structure, and the price
of risk for January factor is common across al assets. None of theseis
true for the U.K.

On the third step we employ the robust, to departures from our
distributional assumptions, LM principle, to test whether the economic
and accounting variables, considered in the first step, have any
predictive power on the residuals of the asset pricing model. The
application of the LM test reveal sthat in 95.5% of the cases considered
here the economic and accounting instruments have no additional
significant predictability. However, testing the null for all casesjointly
resultsin regjecting the hypothesis at 5% level but not at 1%. Although
this rejection can be attributed to a number of reasons, including the
power of theindividual tests and/or statistical artifacts, it demonstrates
oncemorethat thelargest part of the original documented predictability,
if not all, is attributed to the risk premium structure.

The presented results are important for both academics and
practitioners as they could constitute empirical justification of the
parablein Ferson et al. (1999), i.e., variablesthat seem important to the
cross-section of stock returns will appear to be useful risk factors, but
their importance might disappear if risk premia are measured using a
better procedure. Furthermore, the estimation of any asset pricing model
should involve the interdependence of time varying first and second
moments of asset returns and the factor should be estimated efficiently,
an issue which is not referred to by the theoretical models but by their
empirical implementations.

However, this paper |eaves open questions, on atheoretical aswell
as an empirical level. For example, the important differences between
two well-developed stock markets, namely the U.K. and U.S,, during
January cannot be accommodated within any of the well-known asset
pricing models. On the other hand, modeling excess asset returns by
applying a latent factor APT type model is not without problems. The
rejection of the common price of risk, across assets, for January is an
indication of this. Furthermore, there are many “competing” processes
to model conditional time variation of second momentsintheliterature.
Which of these produces the best results has not yet been examined.
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Appendix

TABLE A.

119

Economic Variables

% Changes of Exchange Rate
FTALL Index Dividend Yield

An FTALL Index Dividend Yield

FTALL Excess Return
3-Month T-Bill Rate
20-Year BondYield
Changesin 1-Month T-Bill
Changesin 3-Month T-Bill
Changesin 20-Year Yield

Unexpected Inflation

Expected Inflation

Production

Production Growth _;
Production Growth _,
Unexpected Production Growth
Expected Production Growth
Annual Production Growth
MO

Term Spread MO Growth

Price Index MO Growth _,

Inflation ,_; Unexpected MO Growth
Inflation _, Expected MO Growth
TABLE B.

Accounting Variables
Own Dividend Yield

Log Market Vaue
Price/Earnings
Price/Sales

Price/Cash Flow

Market Value/Book Value
Borrowing Ratio

Working Capital Ratio
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