A Recursive Modelling Approach
to Predicting UK Stock Returns

By
M. Hashem Pesaran

And
AHan Timmermann

DISCUSSION PAPER 322

FINANCIAL MARKETS GROUP
AN ESRC RESEARCH CENTRE'

LONDON SCHOOL OF ECONOMICS




ISSN 0956-8549-322 .

A Recursive Modelling Approach
to Predicting UK Stock Returns

By
M. Hashem Pesaran

And
Allan Timmermann

DISCUSSION PAPER 322

LSE FINANCIAL MARKETS GROUP

DISCUSSION PAPER SERIES

May 1999

M. Hashem Pesaran is a Professor of Economics at Trinity College, Cambridge. Allan
Timmermann is a Professor of Finance in the Accounting and Finance Department at
the LSE and is also a member of the Financial Markets Group. The opinions expressed
here are those of the authors and not necessarily those of the Financial Markets Group.



A Recursive Modelling Approach to
Predicting UK Stock Returns*

M. Hashem Pesaran Allan Timmermann
Trinity College, Cambridge London School of Economics

November 1996, Revised October 1997
This version September 1998

Abstract

This paper applies an extended and generalized version of the recursive
modelling strategy developed in Pesaran and Timmermann (1995) to the
UK stock market. The focus of the analysis is to simulate investors’ search
in ‘real time’ for a model that can forecast stock returns. It demonstrates
the extent to which monthly stock returns in the UK were predictable over
the period 1970-1993 after allowing for model specification uncertainty and
possible shifts in the forecasting model. Due to a set of unique historical
circumstances, UK stock returns were extremely volatile in 1974-1975, and
we discuss how to design a modelling approach capable of accounting for
this and similar low probability events. We find evidence of predictabil-
ity in UK stock returns which could have been exploited by investors to
improve on the risk-return trade-off offered by a passive strategy in the
market portfolio. Alternative interpretations of this finding are briefly dis-
cussed.
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1 Introduction

Economists have long been fascinated by the sources of variations in the stock
market. By the early 1970’s a consensus had emerged among financial economists
suggesting that stock prices could be well approximated by a random walk model
and that changes in stock returns were basically unpredictable.! Historically, the
‘random walk’ theory of stock prices was preceded by theories relating move-
ments in the financial markets to the business cycle. A prominent example is the
interest shown by Keynes in the variation in stock returns over the business cy-
cle. According to Skidelsky (1992) “Keynes initiated what was called an ‘Active
Investment Policy’, which combined investing in real assets - at that time consid-
ered revolutionary - with constant switching between short-dated and long-dated
securities, based on predictions of changes in the interest rate” (Skidelsky (1992,
p. 26)).

Recently, a large number of studies in the finance literature have confirmed
that stock returns can be predicted to some degree by means of interest rates,
dividend yields and a variety of macroeconomic variables exhibiting clear busi-
ness cycle variations. While the vast majority of these studies have looked at
the US stock market, an emerging literature has also considered the UK stock
market.2 For example, Clare, Thomas and Wickens (1994) report that the gilt-
equity yield ratio can forecast UK stock returns, Clare, Psaradakis and Thomas
(1995) investigate the presence of deterministic seasonalities in UK stock returns,
and Black and Fraser (1995) find that default- and term-premium variables have
predictive power over UK stock returns. Common to all these studies is, however,
that they condition their analysis on a given forecasting model, assumed to be in
effect throughout the entire sample period.

Predictability of stock returns is of economic interest only in as far as it sheds
light on investors’ decision process and the functioning of financial markets. It
is, for example, possible that researchers with access to data extending to the
early nineties have found predictability of stock returns that could not have been
detected by investors in earlier parts of the sample and hence does not reflect gen-
uine ez ante predictability. For this reason it is important to model the behaviour
in ‘real time’ of an investor who believes that stock returns can be forecast by
means of business cycle factors, taking account of the uncertainty that surrounds
the investor’s choice of these factors and their relative importance in forecasting
stock returns and avoiding, as far as possible, the benefits of hindsight. In the
literature on recursive learning it is common to assume that agents know the
‘correct’ specification of the forecasting model, but not its true parameter values

1Fama (1970) provides an early, definitive statement of this position.

2References to studies conducted on US stock market data include Balvers, Cosimano and
MacDonald (1990), Breen, Glosten and Jagannathan (1990), Campbell (1987), Fama and
French (1989), Ferson and Harvey (1993), and Pesaran and Timmermann (1994, 1995). See
Granger (1992) for a survey of the methods and results in the literature.



(see, for example, Bray and Savin (1986), Bulkley and Tonks (1989), Timmer-
mann (1993)). This assumption does not appear to be plausible in the context
of investors’ portfolio decisions based on their predictions of stock returns. As
witnessed by the many exploratory studies in the literature on predictability of
stock returns, financial theory only provides very limited guidance for which state
variables should have predictive power over stock returns. Finance theory does,
however, suggest that in markets with risk averse agents stock returns would vary
with the state of the business cycle, c.f. Lucas (1978) and Balvers, Cosimano and
MacDonald (1990). Taken together, these statements suggest that a plausible
analysis of investors’ predictions of stock returns in ‘real time’ should be based
on business cycle variables, taking appropriate account of the specification un-
certainty that surrounds modelling stock returns at the end of each forecasting
period.

In this paper we extend the literature, including our own earlier work (Pe-
saran and Timmermann (1995)), in a number of directions. We generalize the
simulation of agents’ ‘real time’ search over a set of factors/regressors by distin-
guishing between three sets of factors, referred to as ‘focal’, ‘secondary focal’,
and ‘potentially relevant’ factors. In declining order of importance, these sets
of regressors reflect agents’ a priori beliefs that a given regressor should be in-
cluded in the forecasting equation. Thus if a regressor is a focal variable, it is
always included in the forecasting model. Secondary focal variables, on the other
hand, are always considered but not necessarily included in the preferred fore-
casting model. Finally, the set of potentially relevant (or possible) variables are
only considered in agents’ modelling procedure after observing a residual which
can be considered as an outlier. We expect these distinctions between regressors
with differing degrees of a priori importance will become important in research
using artificial intelligence to simulate agents’ learning in situations where the
true model is unknown. This classification of regressors helps in reducing the
computational costs of the search strategy which could be substantial when it is
required to search over a large number of regressors.

We also introduce a novel procedure for recursive selection of dummy vari-
ables whenever an extreme residual (more than three standard errors from zero)
is obtained. The importance of such dummies in modelling UK stock returns
can be exemplified by the set of special circumstances prevailing in the UK dur-
ing the early 1970’s. From the end of 1973 to the beginning of 1975 the UK
stock market experienced a sequence of large, negative returns followed by ex-
tremely large positive returns in January and February of 1975. These dramatic
movements were caused by particular events that took place in 1974, such as the
quadrupling of oil prices, the miners’ strikes, introduction of a three-day work-
ing week, increased political uncertainties (two elections were held in 1974), with
some secondary banks facing runs on their deposits. This episode in the UK stock
market presents real difficulties for any formal modelling approach, and one of
the challenges of the present study is to develop an appropriate framework for
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dealing with special events that are unlikely to be repeated.

In recent papers Kandel and Stambaugh (1996) and Campbell and Viceira
(1998) study the importance to optimal portfolio strategies of predictable com-
ponents in stock returns. While these papers are a welcome contribution to the
literature, they do not directly address our concern in the present paper which
is the investor’s uncertainty about the model specification. Our approach is ex-
plicitly designed to simulate the forecasting problem faced in real time by an
investor who does not condition on a specific forecasting model and allows for
the forecasting model to vary over time. For such an investor to characterize the
optimal investment decisions is difficult and involves predicting future changes
in the forecasting equation. Instead we establish a lower bound on the volatility
of the stochastic discount factor derived from using the recursive forecasts in a
simple, stylized investment strategy. This procedure is likely to produce a con-
servative estimate of the highest Sharpe ratio obtainable from using the forecast
information. We find that the required movements in the stochastic discount
factor are very large, even after accounting for transaction costs.

The rest of the paper is organized as follows: Section 2 describes the recur-
sive modelling strategy and the various generalizations of the procedures already
discussed in our earlier work. Section 3 deals with the choice of the factors to be
used in the analysis and distinguishes between the ‘focal’, ‘secondary focal’ and
‘potentially relevant’ sets of factors. Section 4 reports the empirical results from
a statistical view point, while section 5 provides an assessment of the economic
importance of the predictions of stock returns based on trading results from spot
and futures markets. Section 6 discusses the interpretation of our findings.

2 The Recursive Modelling Strategy

To simulate investors’ search for a forecasting model we need to establish the set
of regressors over which the search is to be conducted, the functional form of the
estimated models and the criteria used to select a particular regression model.
In Pesaran and Timmermann (1995) the forecasting equations were selected re-
cursively from the same set of base regressors throughout the analysis. This
procedure is subject to an important limitation: namely, it does not allow for the
possibility of new variables being introduced into the forecasting exercise once
the recursive strategy is set in motion. The regressors in the base set are decided
at the start of the analysis and are then kept unchanged throughout. This is
clearly restrictive, as it is very unlikely that all potentially relevant variables for
forecasting stock returns could have been known a priori. Expanding the base
set of regressors as a way of dealing with this problem is not computationally
feasible either. For example, increasing the number of regressors in the base set
from 10 to 16 increases the number of models to be estimated recursively each



month from 1,024 to 65,536.2 To deal with some of these difficulties, we propose
the following generalization of our recursive modelling procedure.

We distinguish between three hierarchies of regressors. At the highest level
are the set of ‘focal variables’, A;, so called because they are believed to be im-
portant in forecasting stock returns, on a priori (or theoretical) grounds. These
variables are always included in the forecasting equations. The second set of
regressors, referred to as ‘secondary focal’ and denoted by B;, are always consid-
ered in the forecasting exercise as potentially important for capturing short-term
variations in risk premia due to business cycle fluctuations, although some or all
of these regressors may be left out of the preferred forecasting model according
to the model selection criterion in use. The combined set of regressors in A; and
B, will be referred to as the “base set”. Finally, a third set of regressors, Ci,
are considered as potentially relevant, but utilized by the investors only if they
discover clear evidence of the failure of the forecasting models obtainable from
the regressors in the base set. This last set of variables are considered only occa-
sionally since agents have weak reasons to believe that they should be included in
the forecasting equation. Search across variables in the C; set is triggered at time
t when the most recent residual from the excess return equation using variables
in the base set exceeds three (recursive) standard errors.*

Although in principle the variables in C; could be combined with those in B,
in practice, with a large number of regressors available, allowing some regressors
only to be considered at relatively rare ‘break points’ is important on compu-
tational grounds. Once a search for regressors in the C; set has been triggered,
the variables in C; that are chosen by a particular model selection criterion are
then included in the B; set in all subsequent periods. Hence the dimensions of
B; and C; vary over time as indicated by the time subscript. In principle, one
could also consider the problem of eliminating regressors from the base set. But
in the absence of any compelling evidence suggesting that a regressor has ceased
to be important over the sample period under investigation, we will not consider
dropping regressors from the base set in the present study.

Extending the work in Pesaran and Timmermann (1995), we also allow for
the possible inclusion of dummies in the estimated equations. Essentially we
are asking whether, in the light of episodes such as January 1975 and October
1987, an investor would regard these events as truly exceptional, inexplicable by
means of a linear regression model relating stock returns to a set of business cycle
indicators. Although the magnitude of the stock market crash in October 1987
was very large seen in a historical perspective, and indeed proved to be an outlier
even in the light of the subsequent events, it was not at all clear in the immediate

3Namely from 21° to 216,

4For a broad class of distributions of stock returns, it seems reasonable to consider three
standard errors from the mean as representing an extreme event. An alternative interpretation
of this procedure in the context of the literature on Value at Risk is given by Duffie and Pan
(1997).



aftermath of October 1987 whether the substantial fall in returns would be a one-
off event or whether it could be repeated in the unsettled markets that followed.
To deal with this problem once again we pursue a recursive modelling approach.
We assume that investors consider inclusion of a dummy at any point in time
if the residual in the forecasting equation lies more than three standard errors
away from zero.> If such an extreme event occurs, the model selection criteria
are again used to choose a model from the permutations on the expanded set of
regressors that now includes the dummy variable. It is, however, important to
note that the mere fact that a particular one-off dummy variable is considered in
the search procedure does not necessarily mean that it will be selected as a factor
in the forecasting model. Also even if a dummy variable (or for that matter any
other variable) is selected in a particular period it does not mean that it will be
automatically included in the forecasting model during subsequent periods. It
could be de-selected at any point in time in the future.

More precisely, suppose that the distribution of stock returns can be viewed
as the outcome of a mixture of two underlying distributions, one representing
relatively smooth, partially predictable business cycle variation, while the second
component is a more volatile, essentially unpredictable news component related to
major exogenous shocks. Then filtering out large extreme points, as our procedure
does, would be a sensible modelling strategy.

In the second step of the search procedure we apply standard statistical cri-
teria for model selection to select a preferred forecasting equation in each and
every period. Let kf!, kE, and k¢ be the number of regressors in the A4;, B;, and
C, set at time t, respectively. Then the total number of regression models to be
evaluated at time ¢ is either the number of possible permutations of regressors
in B, or, if a wider search is triggered off, permutations across B; and C;. We
refer to the number of regressors over which agents conduct their search as k;.
Then either k; = kA + kP or (at a trigger point) k; = k! + kB + kC. This gives
a total of 2% different sets of models, each of which is uniquely identified by a
number, 3, between 1 and 2. Since regressors in A; are always included in the
forecasting model, the number of models that need to be evaluated is somewhat
smaller, namely 2% or 2% +% (at trigger points). Consider a k, x 1 column vector
v; with k{* ones followed by a string of ones or zeros, where a one in the j’'th
row means that the 5'th regressor is included in the model whereas a zero in the
47th row means that this regressor is excluded from the model. Then each model
at time t can be identified by the k;-digit string of zeros and ones correspond-
ing to the binary code of its number. Using a subscript ¢ to indicate the model
(1 <4 < 2k), we let k;; be the number of regressors included in model i at time
t. Then k;; = e,v;, where e; is a k;,-vector of ones. Consider forecasting pr1, the
excess return at time 7 + 1 by means of linear regressions

5The dummy variable would have the value of unity in the period in question and zeros
elsewhere.



Mt,i P = ﬂ;XT,i +€T+l,‘i) T= 1>2) )t_ 17 (1)

where X ; is a k;; x 1 vector of regressors obtained as a subset of the regressors
in contention, X;, and M,; denotes the i’th regression model. Conditional on
M, ;, and given the observations pry1, Xrs, 7 = 1,2,...,t — 1 (with ¢ > k; + 2),
the parameters of model M;; can be estimated by the OLS method. Denoting
these estimates by fim-, we have

t—1 141
Bii = (Z()Xf.ix;,i) ZOXT,"&PTH- (2)
These OLS estimates are fairly simple to compute.

The particular choice of X, ; to be used in forecasting of p-4; can be based
on a number of model selection criteria suggested in the literature, such as
the R* (Theil (1958)), Akaike’s Information Criterion (AIC) (Akaike (1974)) or
Schwarz's Bayesian Information Criterion (BIC) (Schwarz (1978)). These criteria
are likelihood based and assign different weights to the ‘parsimony’ and ‘fit’ of
the models. The ‘fit’ is measured by the maximized value of the log-likelihood
function (LL), and the ‘parsimony’ by the number of freely estimated coefficients.
At time ¢, and under the linear regression model M;;, we have

LL; = %t- (1+mn(2r57,)), NC)
where
t-1 .~ a2
31.?,1' = Z (Pr+1 - X-r,iﬁt,i) /t. (4)
7=0

The penalized log-likelihood model selection criteria choose the model which max-
imizes an expression of the form

9(Beis ki t) = LLoi — f(ksirt), (5)
where f(ky;,t) = (ki +1), 3(kes+1)In(t), and & In (7—t-—5 ) for the AIC, BIC

and R’ criteria, respectively.

3 On the Choice of Regressors

In simulating the historical process through which an investor may attempt to
forecast stock returns it is important that the following are established:

(i) - The list of variables the investor is likely to consider in modelling stock
returns, and their possible decomposition into different categories, such as A, B;
and C,; above.



(i) - The criteria adopted to select a particular forecasting model.

(iii) - The estimation procedure applied.

In this section we discuss the choice of the variables which we assume will be
considered by investors in forecasting stock returns. In the next section we explain
the estimation and forecasting procedure in more detail.

In an attempt to minimize the effect that the “benefit of hindsight” might
have on our analysis, we only include regressors that could be safely argued
to have been considered ex ante by investors searching for a return forecasting
specification. This points towards regressors that have been discussed in the early
literature on variations in stock returns, and also seem a priori reasonable.

To motivate our specific choice of the variables to be included in the sets A;,
B, and, C;, consider the following decomposition of excess returns

Pt41 = € + Uit

where®

per1 = Aln(Pey) + =i (6)
and Py is the end-of-period share price, Dp4; represents dividends per share
paid during period ¢ + 1, rf; is the “safe” rate of return known at time ¢ for
the period from the end of period ¢ to the start of period ¢+ 1. e, denotes the
predictable part of excess returns, while u;4; is a martingale difference process
representing its unpredictable part. General asset pricing models such as Lucas
(1978) imply that e; need not be zero. The standard first-order Euler equation
for a representative investor in a frictionless market is

EMiy1pi41] = 0,

where Fj[] is the conditional expectations operator with respect to the infor-
mation available to the agent at time t, and My is the stochastic discount
factor representing the investor’s marginal rate of substitution between future
consumption in period ¢t + 1 and current consumption in period £.7 Rearranging
this equation, we have

—Covy(Myy1, Pri1)
E =¢ = . 7
tloer1] = e By [Mi] (7

Hence, in an efficient market, expected excess returns may vary over time but
only to the extent that it reflects a time-varying covariance between investors’
marginal rate of substitution and excess returns relative to the variation in the
conditional expectation of the marginal rate of substitution.

6Tn this specification we have used the approximation A In(P;y1) = (Piy1 — Pr)/ P
7See Campbell, Lo and MacKinlay (1997, Ch. 8) for a discussion of different models of the
stochastic discount factor.



Hansen and Jagannathan (1991) develop a lower bound on the volatility of
the stochastic discount factor required for it to be consistent with a given sample
of asset returns. Using the definition of a conditional correlation and the fact
that this is bounded between plus and minus one, it follows from (7) that

E:[P:] < U:(Mt+1)
ai(pes1) T Ei[Myp]’

where 0¢(ps41) and oy(M,41) are the conditional standard errors of excess returns
and the stochastic discount factor, respectivly. Thus the Sharpe ratio appearing
on the left side of the above equation establishes a lower bound on the variation
in the stochastic discount factor scaled by its conditional mean. The advantage
of focusing on the Sharpe ratio when assessing the economic significance of our
forecasts is that it does not require specifying a particular utility function. For a
given mean of the stochastic discount factor this variance bound only depends on
the Sharpe ratio. The equity premium puzzle shows that the Sharpe ratio of the
passive market portfolio is already too high to be consistent with a wide range
of utility functions. Findings of an even higher Sharpe ratio based on forecasting
information would suggest either that there are indeed exploitable predictable
components in stock returns or that the discount factor varies even more than
previously thought.

There is a large literature that uses the dividend yield as a proxy for time
variation in expected returns.® Similarly, there are strong a priori grounds and a
long tradition for including some measure of inflation in the forecasting relation.
For example, Fama (1981) argues that expected inflation is negatively correlated
with shocks to future economic growth while stock returns are positively cor-
related with such shocks leading to a (non-causal) negative correlation between
anticipated inflation and stock returns. Traditionally a short interest rate has
been used as a proxy for short-term inflation expectations, but inflation is likely
to have a substantial persistent component so we also include a lagged value of
this variable as a regressor.

At the business cycle frequency, economic theory also provides some general
guidance for the relevant class of forecasting variables that investors may consider
ez ante, c.f. Balvers, Cosimano and McDonald (1990). Expected excess returns
should be high (low) when future consumption is expected to be higher (lower)
than current consumption, such as around troughs (peaks) of the business cycle.
But notice that the theory does not provide much guidance as far as the selection
of specific business cycle indicators is concerned. Even if the marginal rate of
substitution is identified as some function of aggregate consumption, a variety of
economic variables tracking the current and future state of the economy could be

8For example, in the context of a log-linearized present value model, Campell, Lo and
MacKinlay (1997) show how the dividend-price ratio proxies for variations in expected future
returns.



used to model business cycle variations in expected stock returns. Forecasting
variables that qualify on this account include changes in interest rates, changes
in industrial production and the rate of monetary growth.®

To be sure, such business cycle variables have long been linked to move-
ments in stock returns. For instance, in his book “Investment for Appreciation.
Forecasting Movements in Security Prices. Techniques of Trading in Shares for
Profit” published in 1936, Angas writes that “the major determinant of price
movements on the stock exchange is the business cycle..” (p. 15). Other exam-
ples of early studies emphasizing the systematic variation of stock returns over
the business cycle include Prime (1946), Dowrie and Fuller (1950), Rose (1960),
and Morgan and Thomas (1962). Variables suggested by these studies to be sys-
tematically linked with stock returns include changes in short-run and long-run
interest rates, industrial production, company earnings, liquidity measures, and
the inflation rate.

The first group of indicator variables, namely changes in interest rate, are
widely considered to closely track the state of the business cycle. They are also
frequently mentioned in the pre-1970 finance literature as important determinants
of stock returns. Prime (1946, p.165) writes: “market quotations are influenced
by three factors: (a) fundamental conditions .... Fundamental conditions include
the state of business earnings, dividends, financial positions, management, and
money rates”. Similarly, in his study of predictability of stock returns, Angas
(1936) writes that “falling interest rates tend, other things being equal (l.e. unless
industrial earnings are falling even faster), to force ordinary shares up”, and he
goes on to distinguish between the impact on stock returns of changes in short
and long interest rates. In view of these early conjectures we include changes in
a short 3-month interest rate and changes in the consol yield as secondary focal
variables, i.e. in the B, set.

There is also a long tradition in finance for considering seasonalities in stock
returns. The most famous seasonal regularity, the higher returns in January, has
been known for long enough to be included in the B, set. In a recent study
Clare, Psaradakis and Thomas (1995) find evidence that UK stock returns tend
to rise in January, April, and to a lesser extent in December, and fall in Septem-
ber. However, only the January dummy has a long track record and could thus
reasonably have been expected to be used by investors during our sample period.

Finally, for the variables in the set of possible regressors (Cy) we consider
various macroeconomic indicators capturing short-run business cycle variations
in the economy. To account for the impact of liquidity on stock prices, we include
the rate of change in the narrow monetary stock in this set. We also consider
changes in industrial production as another potential forecasting variable. The

9Because aggregate consumption is notoriously difficult to measure and there is no widely
accepted specification for M;, we do not impose the condition that a variable predict stock
returns only through its effect on the conditional covariance between agents’ marginal rate of
substitution and stock returns.
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industrial production index is linked with company earnings, another variable
mentioned in several of the early studies as being an important determinant of
stock returns, and has the further advantage that observations on it are available
on a monthly basis, whereas company earnings are typically reported on a half-
yearly basis in the UK. Finally, the rate of change in the spot price of oil was
included in C;, to allow for the possible effect of oil price volatility, particularly
during the early 1970’s, on the stock market. One could reasonably argue that
investors would have begun considering oil prices as an indicator for the state
of the economy only after the large oil price shocks from 1973 and onwards and
our experiment is set up to ensure that this regressor is not selected prior to this
period.

Based on this review of the early literature and on our a priori reasoning
concering the long-term determinants of the excess returns, we decided on the
following three sets of regressors:

Ay ={c,YALL;_,13;_1,m_s},

Bt = {DI3¢-1, DGILﬂ_l, JANt},

and
Ci = {AIP,_5, AM0;_2, APSPOT;_,},

where YALL is the dividend yield on the FT All Share Index, I3 is the 3-
month T-bill rate, DI3 = I3 — I3(—1), = is the rate of change of retail prices,
DGILT is the change in the yield on a 2.5 percent government consol, JAN is a
January dummy (which takes the value of unity in January of each year and zeros
elsewhere), AIP is the rate of change in the index of industrial production, AMO0
is the rate of change of the money supply (the narrow definition), and APSPOT
is the rate of change in the spot price of 0il.1? (See the Data Appendix for
more details.). Only the most recently available observations were used in the
regressions. This meant that the financial data were available with a one-month
lag while the macroeconomic data were available with a two-month lag.

The above decomposition of the variables into categories A;, B; and C; sub-
stantially reduces the number of models that need to be estimated. Under the
procedure advanced in this paper, since the focal regressors (in A;) are always
included in the forecasting equations, and since three breakpoint dummies were
identified in the sample, we had to estimate at most 512 models every period.
However, treating the regressors in all the three categories symmetrically (ex-
cept for the intercept term), would have required us estimating as many as 4096
models every period.

ONotice that changes in the interest rates were calculated on a month-on-month basis, while
changes in the remaining macroeconomic variables were calculated as the rate of change of
their twelve-monthly averages. These long moving averages were used in order to minimize the
effects of data revisions on our forecasts.
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4 Summary of the Statistical Results

Figure 1 displays the monthly movements of excess returns on the FT All Share
Index over the period 1965-1993. Apart from the substantial changes in excess
returns experienced during 1974-75 and 1987, the series seems reasonably well
behaved and does not exhibit any obvious patterns. A closer inspection, however,
reveals some weak evidence of serial correlation in excess returns. The estimated
coefficients in a second order autoregressive process in excess returns estimated
over the period 1965(3)-1993(12) are 0.148(2.76) and —0.128 (—2.38) with the
associated t-ratios in brackets. But even this weak evidence of auto-dependence in
excess returns disappears once the autoregressive specification is augmented with
a January dummy and the one-off dummy variables to take account of the special
events in 1974/75 and for the October 1987 crash. The autoregressive coefficients
in this augmented regression are estimated as 0.073(1.42) and —0.069 (—1.48),
respectively.

Absence of any discernible patterns does not, however, mean that excess re-
turns cannot be (partly) predicted using information in other variables such as
dividend yields, interest rates or business cycle indicators.

The extent to which excess returns in the UK stock market can be predicted
using the various business cycle variables discussed in Section 3 can be seen from
the regression results summarized in Table 1. This regression is estimated on
monthly observations over the entire sample period 1965-1993 (348 observations)
and contains all the variables discussed in the previous section (namely the vari-
ables in the sets As, B; and C;). In this regression we have also included dummy
variables for January 1975, February 1975 and October 1987 which are identified
by our recursive procedure as outliers in the sample. Out of the eight variables in-
cluded in this regression (not counting the constant and the dummies) six turned
out to be statistically significant at the 10 percent critical level, with the lagged
dividend yield and change in oil prices being significant at a one percent level.

The signs of the coefficients of the various regressors in Table 1 are as to be
expected from theory and follow findings for the US stock market. The divi-
dend yield enters with a positive coefficient, possibly reflecting mean reversion
in returns caused either by investor overreaction or persistent time-varying risk-
premia. The rate of inflation and the growth in the monetary base both enter with
negative coefficients in the excess return regression. Interest rates only appear to
be weakly correlated with future excess returns, the most significant relationship
being the negative coefficient on the change in the gilt yield. All these regressors
measure different aspects of the economy’s inflation rate. The change in the log
of oil prices is negatively correlated with stock returns possibly because the large
increases in oil prices in 1975 and 1979 contrlbuted to the subsequent recession
periods with associated low stock returns. The &’ of the excess return equation
in Table 1 is 0.33, but due to the inclusion of the dummies, presents an exagger-
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Excess Returns on FT All Shares Index
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Figure 1: Monthly Excess Returns on Financial Times All Share Index

ated picture of the degree to which excess returns are predictable. The R for
the excess return regression without the dummies is 0.12, which is in line with
findings for the US stock market, c.f. the references cited in footnote 2. Only
the diagnostic test for normality of the residuals is rejected for the specification
in Table 1.

Predictions from the recursively selected and estimated forecasting models
based on the Rz, Akaike and Schwarz criteria, as well as on the model that in-
cludes all regressors in the A;, B:, and C; sets are presented in the four windows
of Figure 2. These forecasts are strongly serially correlated with first-order ser-
ial correlations ranging between 0.71 and 0.89, and there are periods where the
predicted stock returns consistently stay negative (mainly during 1973-1975 and
around 1981) or positive (late seventies, early eighties). This is as one would
expect from the fact that our regressors are chosen to track business cycle vari-
ation, which is known to display a certain degree of persistence. The recursive
forecasts from the model which includes all regressors are highly volatile in the
early stages of the forecasting exercise.

As a simple, intuitive measure of the fit of the forecasting models we computed
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the (recursive) squared correlation between the forecasts from the recursively se-
lected models and the realisations of monthly stock returns. These are presented
in Figure 3. For the three model selection criteria, the squared correlation coef-
ficient starts from a level of around 0.2, decreases to around 0.1 during 1974 and
then jumps to 0.5 after January 1975, at which point a dummy gets included.
After this the squared correlation coefficients gradually decline to a point around
0.4 at the end of 1993, only interrupted by an increase due to the inclusion of the
October 1987 dummy.

Recursive standard errors for the estimated equations are provided in Figure
4. Tt is clear from this figure that the recursive standard errors build up from
1970 to 1982, and thereafter show a relatively smooth decline.

To study the importance of business cycle indicators and financial variables
for forecasting of stock returns, we plot the inclusion frequencies of each regressor
in Figures 5 and 6. The inclusion of a regressor by a particular model selection
procedure is represented by a point in the relevant line of the graphs in these
figures. The horizontal axis of these graphs also contain interesting information.
When a variable is selected by all of the model selection procedures the corre-
sponding point on the horizontal axis is left blank, otherwise it is shown as a
solid point.

Consider first the inclusion frequency of the variables in the By set (namely
DI3,_1, DGILT,_,, and JAN;). Recall that the variables in the A; set, namely
a constant, the dividend yield, the 3-month T-bill rate and the rate of inflation
are always included in the forea,astmg model. The change in the Gilt rate gets in-
cluded by the Akaike and R’ criteria in all periods except for a spell between 1974
and 1980. This finding indicates that the finding in Clare, Thomas and Wickens
(1994) on the importance of the gilt yield for forecasting of stock returns is quite
robust with respect to the choice of model and sample period. Compared to the
change in the gilt yield, the change in the 3-month T-bill rate is rarely selected by
any of the model selection criteria. The January dummy is never selected by the
Schwarz criterion, and is only rarely selected by the Akaike criterion. However,
the R criterion selects the January dummy in around half of the time periods.

Consider next the inclusion frequencies of the variables in the C’i set. Searches
over the variables in this set were triggered by the Akaike and R’ criteria a total
of three times during the sample, namely after 1975m1, 1976m2 and 1987m10.!
According to the Akaike and ' criteria, changes in the money supply appear
to be important in forecasting excess returns after 1987. Schwarz’s criterion, by
contrast, does not select this regressor at all. Growth in industrial production is
selected on an almost continuous basis by the Akaike and R? criteria from 1975
onward, but only between 1975 and 1981 when the Schwarz criterion is used.

11Because of the difficulty of assessing the tails of the distribution of regression residuals,
trigger points at which variables in the C; set are evaluated were only considered after 100
observations from the start of the simulation experiment.
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Changes in oil prices are included continuously after 1975 according to all three
model selection criteria.

Inclusion of a dummy variable was only considered after the realization of the
extremely high stock return in January 1975, February 1975 (not shown) and
October 1987. Following these episodes, the Akaike, Schwarz and Rcriteria all
included these dummy variables continuously in all regressions.

The above summary clearly shows that whether a variable gets included in a
forecasting equation critically depends on the choice of the model selection cri-
teria. Among the three standard model selection criteria, Akaike and R? tend
to give similar outcomes and select a larger number of regressors in the forecast-
ing equation as compared to the Schwarz criterion. This is as to be expected
considering the much higher penality on inclusion of additional regressors in the
forecasting equation imposed by the Schwarz criterion as compared to the other
two criteria. The analysis also suggests that the best forecasting model is likely
to change considerably over time. This is an important consideration in the
discussion of optimal portfolio weights following in the next section.

5 The Economic Significance of Business Cycle
Components in Stock Returns

5.1 Predictability of Returns and Optimal Portfolio Weights

Recent research investigates the implications of the evidence on predictability of
asset returns on optimal investment and consumption decisions.!? A particularly
clear demonstration of the extent of time variation in optimal portfolio weights
is provided by Kandel and Stambaugh (1996). These authors consider the opti-
mal portfolio decisions of a Bayesian agent in the context of a single riskfree and
a single risky asset whose returns can be predicted by means of a linear, time-
invariant regression model. The coefficients of the regression model are unknown
to the agent who maximizes expected utility over terminal wealth. Kandel and
Stambaugh account for this parameter uncertainty in the agent’s decision prob-
lem. They find that, even in cases where the agent has a diffuse prior over the
parameter values and where predictability is extremely low according to standard
statistical criteria such as the R? of the regression model, it is still optimal for
agents with reasonable degrees of risk aversion to let their portfolio weights vary
considerably over time.

Extensions of the investment and consumption decisions to the multiperiod
case have been derived by Campbell and Viceira (1998) and Brandt (1998). Ex-
cept for the special case with logarithmic utility which reduces to a sequence of

12An earlier asset pricing literature is concerned with estimating the preferences of a repre-
sentative investor from the moment conditions corresponding to the investor’s Euler equations.
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single-period problems, the multi-period decision problem can yield solutions that
are very different from the single-period problem. The reason is that the possibil-
ity of shifts in future investment opportunities generally creates an intertemporal
hedging demand for the risky asset, reflecting a negative correlation between
current realized and expected future asset returns. Campbell and Viceira use
an approximate, log-linearized budget constraint and a Taylor expansion of the
Euler equation corresponding to a power utility function with habit persistence to
analytically derive an approximate optimal investment and consumption strategy
for an infinitely-lived investor. Their analysis assumes that stock returns follow
a stationary autoregressive process. They find that intertemporal hedging can
more than double risk averse investors’ demand for the risky asset. Like Kandel
and Stambaugh, they report that the optimal investment strategy involves sub-
stantial timing of the stock market and that failing to vary the portfolio weights
can result in substantial welfare losses.

Brandt (1998) considers power utility functions and estimates investors’ opti-
mal consumption and investment decisions from sample moments corresponding
to their conditional Euler equations. Unlike Campbell and Viceira, Brandt does
not obtain an analytical solution to the consumption and investment rules, and
instead he characterizes these through moment conditions that are estimated non-
parametrically. His results again reveal substantial dependency of the optimal
portfolio weights with regard to changes in a set of standard forecasting variables.

Analytical solutions to investors' optimal investment decisions come at the
cost of having to make strict parametric and distributional assumptions about
the relationship between stock returns and the predictor variables. Common to
the solutions derived in the literature is that they either do not account for the
estimation risk facing an investor or, as in the case of Kandel and Stambaugh,
only consider parameter uncertainty but disregard model uncertainty. Further-
more, these papers assume that the joint distribution of the forecasting variables
and teturns on the risky asset is stationary and does not account for conditional
heteroskedasticity in asset returns, something which could significantly change
the optimal solution if the same variables that forecast expected returns also pre-
dict the conditional volatility of returns. Without imposing considerable struc-
ture both on the functional form of the utility function and the data generating
process of excess returns, it is not possible to characterize analytically optimal
portfolio weights resulting from the evidence on predictable returns. Hence, in
the present paper we confine our analysis to computing a conservative estimate
of the economic value of the predictions that could arise from a simple, stylized
trading rule.

Predictability of stock returns can also be the result of transaction costs.
Luttmer (1997) enquires into how large transaction costs must be if we are to rule
out the possibility of an investor being able to exploit the apparent predictability
of returns. Luttmer computes the size of a fixed transaction cost facing investors
every time they trade in the financial markets and large enough to ensure that it
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is not optimal for a representative investor to adjust portfolio weights in line with
predicted variations in the investment opportunity set. Unsurprisingly this lower
bound on the fixed cost strongly depends on the assumed utility function. For
logarithmic utility, and in the case where the forecasting variables are observed
ex ante, conservative estimates suggest that the representative consumer must
face a fixed cost of at least three percent, and possibly higher than 10 percent,
of monthly consumption to rule out expected utility gains from market timing.
Consistent with this, He and Modest (1995) find that a combination of transaction
costs and constraints on borrowing and short sales can reduce the volatility bound
on the stochastic discount factor.

As pointed out by Campbell, Lo and MacKinlay (1997), these results are
exploratory and may exaggerate the importance of transaction costs in a multi-
period setting where investors can spread across several periods the transaction
costs from switching into the highest paying asset. Optimal trading strategies
under transaction costs are difficult to derive in the absence of assumptions about
very specific time-invariant transaction cost technologies. We take the view that
transaction costs can potentially be important and assess portfolio returns using
a range of transaction costs.

5.2 Empirical Findings

As a first indication of the potential economic value of the predictability of stock
returns we consider the non-parametric test of market timing skills proposed
by Pesaran and Timmermann (1992). This statistic, which is asymptotically
equivalent to the more familiar Henriksson-Merton (1981) test of market timing,
tests the null that there is no information in the predictions of excess returns over
the sign of subsequent realizations of excess returns. Leitch and Tanner (1991)
found that the ranking of predictions according to sign tests is closely related to
their ranking in terms of making money in simple trading strategies based on the
predictions.

Consider the proportion of correctly predicted signs of excess returns over
the whole sample period 1970-1993 used in the trading exercises. As can be
seen from Table 2, the recursive forecasts based on models selected according
to the Akaike, Schwarz, and Recriteria generated values for the nonparametric
sign test statistic which were significant at the 2.5 percent critical level.® The
sign tests are, however, statistically less significant over the sub-sample periods
as compared to the whole period. This reflects the lower power of the test when
the sample size is relatively small. Finally, note that the proportion of correctly
predicted signs is somewhat higher during the eighties than during the seventies.

The stylized investment strategy that we consider is a switching strategy
instructing the investor to hold the asset for which the largest mean returns

13Notice that we have used a one-sided test which is appropriate here.
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have been forecast. To avoid bankruptcy risks, we assume that investors are not
allowed to use leverage or go short in either asset. While it may seem extreme
to use an investment strategy that frequently shifts funds from a portfolio fully
invested in stocks to a portfolio fully invested in riskfree T-bills, notice that this
is also a feature of the optimal investment rule derived by Brennan, Schwartz,
and Lagnado (1997). Furthermore, the high sensitivity of the switching portfolio
weights with regard to predicted returns is a property shared by the optimal
portfolio rules derived in the recent literature. For investors that are not very
risk-averse, the switching portfolio is thus likely to capture some of the salient
features of an optimal portfolio rule.

Tables 3-5 report various performance measures for a buy-and-hold strategy
in the market index (the FT All Share Index), a portfolio consisting of rolling
over T-bills, and switching portfolios based on forecasts from models recursively
selected according to one of the three model selection criteria considered in this
paper.

Table 3 reports the results for the zero transaction cost scenario. The market
portfolio paid an annual arithmetic mean rate of return of 21.0 percent which was
approximately 11 percent higher than the return on the T-bills (10.1 percent).
As one would expect, the risk associated with holding equity is much higher than
the risk of a portfolio of T-bills; the standard deviation of the annual returns on
the market portfolio (36.6 percent) was almost 15 times higher than the standard
deviation of the T-bill returns (2.6 percent). The switching strategy significantly
improves the risk-return trade-off compared to the market portfolio as reflected
in the high values of the Sharpe and Jensen indexes for the switching portfolios.*
The Jensen index is statistically significant at the 1 percent critical level for the
switching portfolios based on the three model selection criteria, as indicated by
the t-values above 3.4 given in brackets following the Jensen measure.'®

Performance results for the case with medium size transaction costs of 0.5
of a percent on dealings in shares and 0.1 of a percent on acquisitions of T-
bills are reported in Table 4.16 Payoffs on the buy-and-hold strategy are hardly
affected by the introduction of transaction costs since this strategy only incurs

14 Although our forecasting exercise focuses on first-moment predictability of stock returns,
notice that we select the forecasting models so as to minimize standard statistical criteria. Hence
we do not necessarily expect that the forecasts will generate a higher cumulated portfolio return
which will depend on the full distribution of asset returns and is likely to be sensitive to outliers.
However, it is also true that the forecasting information is only of economic value if it can be
used to improve on standard economic performance measures.

15These are financial performance criteria which adjust the excess return on the portfolio
under consideration for market risk (Jensen) or total risk (Sharpe). The Jensen measure is the
intercept term in a regression of portfolio excess returns on a constant and excess returns on
the market portfolio. The Sharpe measure is the ratio of mean excess portfolio returns to the
standard deviation of portfolio returns.

18The particular formulas used to take account of transaction costs across different portfolios
are described in Pesaran and Timmermann (1994).
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such costs when dividends are reinvested. In contrast, mean returns on the
switching portfolios decline by around 1 to 1.5 percent per annum when medium
transaction costs are introduced. Despite this reduction in the returns generated
by the switching portfolios, the portfolios based on the Akaike, Schwarz and ®
criteria still generate a much higher return-to-risk ratio compared to the market
index and the values of the Jensen index remain significant at the five percent
level.

Under the high transaction cost scenario where trades in shares cost one per-
cent and acquisitions of T-bills cost 0.1 of a percent, the values of the Sharpe and
Jensen indexes continue to indicate risk-adjusted outperformance of the switching
portfolios based on the three model selection criteria.

We can conclude from the evidence in Tables 3-5 that increasing transaction
costs has an important effect on the switching portfolios’ returns: as compared
to the mean returns under the zero transaction cost scenario, the mean returns
of the switching portfolios in the high transaction cost scenario are between one
and a half and three percent lower per annum. The reason for the importance
of transaction costs for returns on the switching portfolios lies in the number
of transactions between the stock portfolio and T-bills. For the period 1970-
1993, there were between 17 and 42 switches, depending on the model selection
criterion. Thus these portfolios would swap assets between once every 18 months
and twice a year.

In Figure 7 we present the fraction of total wealth invested in the stock market
according to the switching portfolios following from the model selection criteria
as well as from the predictions based on the full set of regressors. It is clear
from that figure that the R criterion generates most switches between T-bills
and stocks. The switching portfolios spend roughly 58 percent of the time in the
stock market. Notice in particular the long period between 1973 and 1975 where
these portfolios were out of the stock market. This is a key to understanding the
risk-return trade-off for the switching portfolios. Being out of the stock market
between 1973 and 1975 means that the switching portfolios avoided the sequence
of large negative returns during 1973 and 1974, but also that these portfolios did
not profit from the very large positive returns during early 1975.

We also considered the hyper-selection criterion introduced in Pesaran and
Timmermann (1995). Based on the cumulated wealth accrued by trading on the
predictions generated by models chosen according to the various selection criteria,
this hyper-selection criterion establishes a way to recursively choose the model
selection criterion itself. In principle, no clear-cut conclusion about the possibility
of outperforming the market index can be drawn unless a recursive procedure for
choosing the model selection criterion is established. Since maximizing expected
terminal wealth is similar to maximizing expected utility for an investor with a
logarithmic utility function, our procedure can also be interpreted as choosing
the model selection criterion based on expected utility optimization. Using our
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utility- or wealth based hyper-selection criterion, it is clear from Tables 3-5 that,
on a risk-adjusted basis, it would have been possible for investors to choose model
selection criteria recursively, use forecasts from the models that these criteria
choose, and outperform the market index.

We finally studied the sub-sample trading results for the 1970’s and 1980’s,
two decades with many different features. Consider the zero transaction cost
scenario. During the 1970s, arithmetic mean returns on the markeL portfolio and
the switching portfolios chosen by the Akaike, Schwarz and R'model selection
criteria were 20.46, 14.21, 14.84 and 13.98 percent, respectively. Their standard
deviations were 56.48, 8.90, 8.78, and 9.24 percent per year, resulting in Sharpe
ratios of 0.20, 0.59, 0.67 and 0.55. During the 1980s, these four portfolios paid
mean returns of 24.30, 23.96, 28.34 and 24.20 percent per year. Their annual stan-
dard deviations were 10.58, 8.65, 10.05 and 8.58 percent, and the Sharpe ratios
were 1.22, 1.46, 1.69 and 1.50, for the market portfolio and the three switching
portfolios, respectively. These findings suggest that although the largest return-
to-risk ratio improvements occur in the volatile 1970s, the switching portfolios
were also capable of generating a higher return-to-risk trade-off during the much
calmer markets of the 1980s. Perhaps these findings are not all that surprising:
Our regressors were chosen to track variations in stock returns related to the
business cycle, variation in which was much more pronounced during the 1970s
than during the 1980s.

5.3 Trading Results from the Futures Market

A potential criticism of the trading results in the previous section is that it would
have been difficult - and perhaps even more costly than assumed - for an investor
to switch in and out of the broad FT All Share portfolio. We do not think this is a
major concern because in practice investors could have held a far smaller number
of liquid stocks which, if carefully selected, would be very strongly correlated
with returns on the FT All Share portfolio.

Nevertheless, to address these issues we used our recursive predictions in a
trading strategy based on the FT'SE-100 Futures contract. Transaction costs in
the futures markets are very small (close to zero in percentage terms) and it is
straightforward to execute trades in portfolios of shares. A futures contract on
the FTSE-100 stock market index has been traded in the UK since May 1984.
We run our forecasting experiment from January 1985 to December 1993, giving
a total of 108 monthly observations. To get a continuous time series, each month
the futures price was based on the settlement value of the contract nearest to
maturity, except for the month of delivery where the contract whose expiration
date is second nearest to maturity was used. This procedure was also used in
Buckle, Clare and Thomas (1994) and the associated return sequence resembles
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the payoffs to a long position in the nearest-to-maturity contract.”

Based on a mean return of 12.8 percent and a standard deviation of 13.4 per-
cent over the period 1985-1993, the long position in the futures contract resulted
in a Sharpe ratio of 0.17. Switching portfolios using the predictions generated
according to the Akaike, Schwarz and R criteria produced Sharpe ratios of 0.32,
0.60, and 0.34, respectively.’® The mean returns of these switching portfolios
were 14.0, 15.8 and 14.2 percent, respectively, while their standard deviations
were 10.9, 8.7, and 10.8 percent. It is likely that the returns from these switching
strategies could be increased by modifying the trading rule to allow for short sell-
ing. Most importantly, these results suggest that the earlier findings about the
possibility of using our recursive predictions to improve on the market portfolio’s
risk-return trade-off do not depend on the tradeability of the FT All Share Index.

6 Conclusion

The main difference between the recursive modelling approach applied in this
paper and the standard recursive estimation techniques lies in the treatment of
model uncertainty. This is particularly important in the analysis of stock returns
where there is very little guidance from theory as to the precise nature of factors
that could be used in such an analysis. In this paper by applying an extended
and modified version of the recursive modelling procedure originally put forward
in Pesaran and Timmermann (1995) to the UK stock market, we have been able
to identify a number of genuine ez ante predictors of excess returns and evaluate
their economic significance in trading contexts.

While there are some variations across the performances of the different
switching portfolios examined in this paper, overall we show that it would have
been possible for investors to choose model selection criteria recursively, use fore-
casts from the models that these criteria choose, and improve on the risk-return
trade-off offered by the market portfolio. This finding is robust to the design
of the simulation experiment.!’® Cumulated wealth from the switching portfolios
can be sensitive to the presence of outliers. The difference in cumulated wealth
between getting the sign of excess returns in January 1975 right or wrong is 50
percent. In contrast, the risk-adjusted performance measures are more robust
to such events. A switching rule that was long in stocks in January 1975 would
have a higher mean but also a much higher variance than a short position in

17"We are grateful to Andrew Clare for providing us with the futures price data.

8Since the earlier forecasting equations refer to excess returns while payoffs on the futures
contract are based on capital gains only, we added to our previous predictions the T-bill rate
and subtracted the lagged dividend yield (at monthly rates). This ensures that our predictions
are comparable to returns on the FTSE-100 futures contract.

19For example, an earlier version of this paper utilized a slightly different set of forecasting
variables but arrived at a very similar conclusion. '

21



stocks for that month. These effects would partially cancel out in the Sharpe
ratio. In this context it is noteworthy that all the switching portfolios considered
in the paper were out of the stock market during the period 1973-1975, which
meant that these portfolios managed to avoid the sequence of large negative re-
turns experienced during 1973 and 1974, but also failed to take advantage of the
sharp, unprecedented rises in the stock market that took place during January
and February of 1975, overall doing better than the market portfolio.

After accounting for investors’ “real time” search for a forecasting model and
transaction costs in executing their investment decisions it still seems possible to
improve the risk-return trade-off of the market portfolio. Two interpretations of
this finding are possible. The efficient market interpretation regards variations
in expected stock returns as changing risk premia and suggests that negative risk
premia are compatible with stocks providing a hedge against states with a high
marginal utility of consumption. Alternatively, predictability of stock returns
could reflect an inefficient stock market dominated by investors who do not use
publicly available information efficiently, possibly because they systematically
overreact to news (see, e.g., Bulkley and Harris (1997), De Bondt and Thaler
(1990)).

Since neither agents’ expectations nor their preferences are directly observ-
able, it is not possible to conclusively establish which interpretation is correct.
We will make two observations, however. First, the Sharpe ratio varies sub-
stantially across sub-samples so any attempt at interpreting expected excess re-
turns in terms of time-varying risk premia requires a model displaying far more
variability in agents’ intertemporal marginal rates of substitution than standard
consumption-based asset pricing models are capable of delivering. Second, neg-
ative expected excess returns can only be consistent with a general equilibrium
model of risk averse, rational investors if stocks provide a hedge against states
with high marginal utility of consumption. Our analysis identified two periods
(1973-1975 and around 1981) with persistently negative expected excess returns.
If it cannot be reasonably argued that investors would use stocks to hedge against
adverse economic states during these periods, then it would be difficult to inter-
pret variations in expected returns as changes in risk premia. Even if this inter-
pretation of our results is acceptable, we are still left with the task of attributing
changes in expected returns to factors other than risk premia, such as “noise-
trading” or the importance of “psychological” factors in market transactions.
However, these issues are beyond the scope of the present paper.
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Appendix: Optimal Portfolio Weights for Investors
With Logarithmic Utility

To better understand the properties of the switching portfolio used in Section
5, this appendix shows that the switching strategy closely resembles the optimal
trading strategy of an agent maximizing expected cumulated wealth subject to a
no-short-selling constraint. Consider the set of two-fund portfolios mixing risk-
free T-bills paying r f; between the end of time ¢ and time ¢+ 1, and risky stocks
paying a return of

Tot+l = Pei1 + Tft,

where p: 1 is the excess return on stocks. Disallowing short-sale of assets, suppose
that the fraction « € [0, 1] of the available funds is invested in risky stocks such
that the return on the switching portfolio becomes

rn=colp +rf) +(1—a)rfy=rfi+ apin

For an investor with logarithmic utility over terminal wealth, maximizing ex-
pected utility under zero transaction costs is equivalent to maximizing the geo-
metric rate of return. This is because

T
Wr =Wo [[(1+1)

t=1

S0

=3

In(Wr/Wo) = S In(1 + r¢)

t=1

where Wy is wealth at the terminal date, T, and W, is initial wealth. Thus
maximization of the expected value of In(Wy/W;) is identical to maximizing the
expected value of In(1 + r;41) with respect to the available information at time
t, period by period. Clearly this involves maximizing a concave function in the
portfolio returns, 74,1, so, by Jensen’s inequality, the optimal portfolio may not
maximize the arithmetic mean return, which is what the switching portfolio aims
to do. Suppose excess returns are generated by the following linear model closely
related to the recursive procedure analyzed earlier in the paper

per1 = BiXei + €14, @41~ 1ID(0,0;)

Here X, ; is a set of factors known at time t, so that €..1; and 3; are the only
unknown factors. Assuming that €;; is drawn from a density function h:(.),
the expected period £+ 1 rate of return on the portfolio with weight &; on stocks
becomes
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Eyln(li+ repq)] = /ln(l + 1 fe + ou(BiXui + €r41,0)) he (€141, derae (11)

Because the residuals from the excess return equation are non-normally distrib-
uted we used recursive non-parametric boot-strapping methods based on the
empirical density function to draw residuals (€1, €, ..., &,) from the excess re-
turn equation chosen by a particular model selection criterion. Based on these
draws, we choose the value of a; within the interval [0;1] which maximizes equa-
tion (11).2% Because of the concavity of the utility function, whenever a negative
excess return has been predicted (,@’m.xt,,- < 0), the investor prefers to go short in
shares. However, since the choice of the portfolio weight is constrained to lie in
the interval [0;1], the best constrained solution will be for the investor to place all
funds in T-bills and nothing in stocks. Similarly, if a large positive excess return
has been predicted, the unconstrained solution for o; may exceed 1, and the best
constrained solution is to invest all funds in shares.

Using predictions based on the models selected by Akaike’s criterion, Figure
8 presents the sequence of portfolio weights that maximize expected utility under
logarithmic preferences. Only in 11 out of 288 forecasting periods, or in about
seven percent of all months, did the optimal portfolio weights lie in the interior of
[0;1]. In this perspective it is not surprising that the performance of the portfolio
based on the weights plotted in Figure 8 was very similar to the performance
of the switching portfolio based on the Akaike criterion. For example, in the
case of zero transaction costs, the mean and standard deviation of returns based
on Akaike’s criterion were 17.7 and 9.7 percent, respectively, very similar to
the values taken by the corresponding switching portfolio in Table 3. These
findings suggest that, subject to the constraint that investors cannot use leverage
or go short, the investment weights of the switching portfolios in the previous
section are approximately optimal for an expected utility optimizing investor
with logarithmic preferences over terminal wealth.

20The true value of B is unknown, so we condition on the estimate, Bt,ii in the bootstrap
experiment. Our procedure also implicitly assumes that the residuals are homoskedastic.
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Data Appendix

We used Data Stream as the source for our data which included the following
variables

P i Value of the Financial Times All-Share (FTALL) Price Index
at the end of the month.

DIv ¢ 12-month moving average of dividends paid by firms included
in the FTALL index.

YALL : Dividend yield computed as DIV;/P;.

GILT ¢ yield on a 2.5 percent government consol measured at the end of
the month.

I3 :  3-month Treasury Bill rate

i ¢ rate of inflation computed as In(RPI12/RPI12(—12)), where

RPI12 is a twelve-month moving average of the Retail Price Index

AIP ¢ year-on-year rate of change in industrial production of the
manufacturing sector.

AMO :  year-on-year rate of change in the narrow money stock A£0.
MO only becomes available in 69m6. Before this period we used
notes and coins outstanding (total in million pounds) provided in
CSO publication ‘Financial Statistics’. The two measures are
very similar, the only difference being Bankers’ Operational
Deposits with the banking department at the Bank of England.

APSPOT ¢ year-on-year change in the spot price of oil (in logs).
Nominal Stock Returns : (P+DIV;—P,4)/P_;.
Excess Returns (ERALL) : Nominal Stock Returns minus the three month T-bill rate

converted to a monthly rate.
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Table 1

The Excess Return Regression Equation Estimated for FT All Shares Index

Based on all the regressors - 1965(1)-1993(12)

Regressors Coefficients Standard Errors T-Ratios[Prob]
INPT -.025382 .016081 ~1.5784(.115]
D751 .49604 .057472 8.6311[.000]
D752 .22085 .055814 3.9569[.000])
D8710 -.26986 .052631 ~-5.1273[.000)
JAN .019737 .010176 1.8397[.053)
YALL({-1) .0095887 .0035005 2.7393[.006]
I3(-1) -.3750E-4 .0010861 -.034530(.972)
PI12(-2) -.0031521 .0018114 -1.7402(.083]
DI3 (-1} .0011743 -0044776 .26227(.793)
DLTR(-1) -.012446 .0075066 -1.6580[.098]
DM012 (-2} -.34415 .14926 -2.3057[.022]
DIP12(-2) .47761 .19739 2.4196[.016]
DPSPOT (-1} ~-.060483 .013948 -4.3364[.000]
******ﬁ***tt******ii**k*i***ﬂ***t**i*ﬁt"*t********w***ﬂi**t***ti*t*i***-*t*t**
R~Squared .35769 R-Bar-Squared .33481
S.E. of Regression .052199 F-stat. F( 12, 337) 15.6388[.000]
Mean of Dependent Variable .0067302 S.D. of Dependent Variable .064002
Residual Sum of Squares .91824 Equation Log-likelihood 543.4373
Akaike Info. Criterion 530.4373 Schwarz Bayesian Criterion 505.3608
DW-statistic 1.9991

e R R O g LU U

Diagnostic Tests
***it****itk***t**ﬂ'****tt*************ttt**'*ww*it*i****t*f*tt****tw*r***f**i*

* Test Statistics + LM Version * F Version *
**********t*****tﬁ**t*************************i****tt****tft******t*‘i**i*****t

* * * *

: A:Serial Correlation:CHSQ( 12)= 11.1928[.512]:F( 12, 325)= A89472[.553]:

: B:Functional Form :CHSQ{ 1)= .69250[.405]:?( 1, 336)= .66612[.415]:

: C:Normality *CHSQ( 2)= 6.5748[.037]: Not applicable :
*

* D:Heteroscedasticity*CHSQ( 1)= .64692(.421]1*F( 1, 348)= .64441[.423]1*

LR e R e R R R R R E L Ly N

A: Lagrange multiplier test of residual serial correlation

B: Ramsey's RESET test using the square of the fitted values

C: Based on a test of skewness and kurtosis of residuals

D: Based on the regression of squared residuals on squared fitted values

« Figures in square brackets are rejection probabilities.
= See the Data Appendix for a description of the variables.



Table 2’
Non-parametric Statistic of Market Timing and the Proportion of Correctly Predicted
Signs of Excess Returns for Different Model Selection Criteria and Sub-Periods

Model Selection Criteria Whole Sub-Periods

Period

1970-79  1980-89

Akaike
PT-Statistic 2.05 1.46 1.22
Proportion of Correct Signs % 573 56.7 60.0
Schwarz
PT-Statistic 3.47 1.89 2.14
Proportion of Correct Signs % 61.5 58.3 65.0
R-Bar-Squared
PT-Statistic 2.43 1.66 1.48
Proportion of Correct Signs % 583 575 60.8
All Regressors
PT-Statistic 2.04 1.10 1.45
Proportion of Correct Signs % 583 55.8 62.5
Hyper-Selection
PT-Statistic 2.64 1.57 125
Proportion of Correct Signs % 594 51.5 60.8

" The PT statistic is the non-parametric test statistic for market timing proposed in Pesaran and
Timmermann (1992). This test, which is asymptotically equivalent to the Henriksson-Merton
(1981) test of market-timing, has a standardized normal distribution in large samples. All
selection criteria were applied recursively.




Table 3°
Performance Measures of the Switching Portfolios Relative to the FTA-All Share and T-
Bills Index

(Monthly Results, 1970-1993, Zero Transaction Costs)

Mean S.D. of Return Financial Performance
Return (%) (%) Indices
Sharpe Jensen

Market Portfolio 20.96 36.55 0.297 N/A
T-Bills 10.12 2.63 N/A N/A
Switching
Porfolios:
Akaike 18.18 9.70 0.830 0.072(3.45)
Schwarz 20.27 11.28 0.899 0.091(3.86)
R-Bar Squared 18.22 9.87 0.821 0.073(3.49)
All Regressors 16.74 16.98 0.390 0.041(1.26)
Hyper Selection 17.36 12.03 0.602 0.060(2.46)

* The switching portfolios are based on recursive least squares regressions of excess returns on an intercept
term, the lagged dividend yield, the lagged three month T-bill rate, the two-period lagged inflation rate, and
a subset of regressors selected from a set of ‘secondary focal’ and ‘potentially relevant variables’ referred to
as the sets B; and C,. Dummies that are triggered recursively when the residual from the regression
equation lies more than 3 standard errors away from zero may also be included in the regression. The
hyper-selection criterion provides a criterion for choosing across the statistical model selection criteria
themselves based on profits earned by following the signals generated by a particular selection criterion.
S.D. is standard deviation of the returns, and Jensen and Sharpe are financial performance criteria which
adjust the excess return on the portfolio under consideration for market risk (Jensen measure) or total risk
(Sharpe index). Jensen’s measure is the OLS estimate of the intercept in the regression of excess return for
the switching portfolio on the excess return of the market portfolio. The f-ratio of this estimate is given in
brackets. All measures are based on annual returns.



Table 4’
Performance Measures of the Switching Portfolios Relative to the FTA-All Share and T-
Bills Index

(Monthly Results, 1970-1993, Medium Transaction Costs)

Mean Retum  S.D. of Return Financial Performance
(%) (%) Indices
Sharpe Jensen

Market Portfolio 20.89 36.55 0.330 N/A
T-Bills 8.81 2.60 N/A N/A
Switching Portfolios:
Akaike 16.73 10.01 0.791 0.070(3.21)
Schwarz 19.24 11.51 0.906 0.093(3.80)
R-Bar Squared 16.59 10.29 0.755 0.068(3.11)
All Regressors 1531 17.54 0.370 0.036(1.06)
Hyper Selection 17.51 13.27 0.655 0.074(2.65)

* See the note to Table 3.




Table 5
Performance Measures of the Switching Portfolios Relative to the FTA-All Share and T-
Bills Index

(Month Results 1970-1993, High Transaction Costs)

Mean Return S.D. of Return Financial Performance
(%) (%) Indices
Sharpe Jensen

Market Portfolio 20.81 36.55 0.328 N/A
T-Bills 8.81 2.60 N/A N/A
Switching
Portfolios:
Akaike 15.86 10.17 0.693 0.061(2.80)
Schwarz 18.79 11.55 0.864 0.090(3.62)
R-Bar Squared 15.53 10.56 0.637 0.058(2.58)
All Regressors 14.33 17.96 0.307 0.026(0.75)
Hyper Selection 17.53 13.20 0.661 0.078(2.81)

" See the note to Table 3.
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