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Abstract

Recent papers have criticized the out of sample performance of predictive regression forecasts of

the equity premium. Campbell and Thompson have proposed various sensible and economically

appealing conditional strategies which improve the performance of these forecasts by modifying

the forecast based on the signs of the regression results. This paper continues this line of

research into modifications of the basic historical mean forecasts and the predictive regressions

forecast. We focus on forecast strategies which utilize two regimes, where the time periods

are classified by an indicator variable (which depends on either the past quarter’s real GDP

growth or the current equity premium), and which require the forecast to be nonnegative (this

restriction was originally proposed by Campbell and Thompson). We find that when we use

either the T-bill rate or the long term yield as the predictive regressor, these augmented forecast

frameworks produce out of sample R2
os (relative to the ex-ante historical mean forecast) close to

1%, and in some cases, in excess of 1%. (This compares to R2
os values of 0.3% in the Campbell

and Thompson forecast strategies, and they found that this was economically meaningful for

portfolio allocation).

The purpose of economics is, to a great extent, a practical one: to enable people to
forecast or influence economic activity.

Frederik Zeuthen, Economic Theory, 1955, page 5.

1 Introduction

Recent research has explored the poor out-of-sample results obtained by predictive regression fore-

casts of the equity premium. Goyal and Welch (2004, [22]) demonstrated the poor out-of-sample

performance of many predictive variables, and stated that historical average returns almost always

generate better equity premium forecasts:
∗This version is preliminary; please do not distribute or cite. We thank Walter Torous, Robert Weiss (from

biostatistics), Albert Sheen, and Ted Shieh for helpful discussions, questions, and ideas, and we thank Samuel
Thompson for generously providing his data set. We remain responsible for all remaining errors.
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Our paper has systematically investigated the empirical real-world out-of-sample per-
formance of plain linear regressions to predict the equity premium. We find that none
of the popular variables has worked–and not only post-1990. In our monthly tests, we
can solidly reject regression model stability for all variables we examined, even though
we use the CUSUMSQ test which is known to be fairly weak. For successful out-of-
sample prediction, we will either need a different technique or a different variable. ...
Instead our paper suggests only that our profession has yet to find a variable that has
had meaningful robust empirical equity premium forecasting power, at least from the
perspective of a real-world investor. ([22], p.19-20)

Goyal and Welch emphasized the importance of evaluating the performance of predictive re-

gressions by analyzing the out-of-sample forecasts using only the knowledge that could be known

ex-ante as of the forecast date.

Campbell and Thompson (2005, [11]) responded to the Goyal-Welch critique. They considered

several variables in addition to those considered by Goyal and Welch. First, they used total returns

(including dividends) rather than the price returns of Goyal and Welch, and they obtained similar

negative results about predictability. Secondly, they argued that real-world investors would impose

some restrictions on the signs of the regression coefficients (in particular the slope coefficient) as

well as a restriction on the sign of the forecasted value of the equity premium (namely that the

forecast be non-negative). They claimed that these are sensible and intuitive constraints on the

forecasts, and they defined 4 strategies based on these constraints, as follows:

1. panel A uses the predictive regressions in a straightforward way.

2. panel B implements the following restriction on the forecast: if the slope is negative (except

for the variables inflation and the default yield spread), then the forecast defaults to the

ex-ante historical average (calculated using only the equity premia up to that point). (For

inflation and the default yield spread, the expected slope is negative, so if the slope is positive,

the forecast defaults to the ex-ante historical average).
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3. panel C restricts the forecast to be non-negative; if the regressions yield a negative forecast,

then the forecast is set to 0. Note that for investors who can not short sell the stock market

and who makes allocation decisions based on the forecast, this restriction might be redundant;

non-positive forecasts of the equity premium would induce risk-averse investors to avoid the

stock market entirely and instead only own the risk free security.

4. panel D imposes first the panel B restriction on the sign of the slope coefficient and then the

panel C restriction on the sign of the forecast itself.

In some sense, we may view strategies B, C, and D as ways of imposing absolute Bayesian

priors on the results of the regressions; if the signs of computed values are contrary to the priors,

the forecast is set either to zero or to the historical mean (which represents a judgment that the

information content of the regressor is worthless).

Campbell and Thompson consider a myopic log-utility (and more generally, an investor with

constant relative risk aversion γ) investor who makes an allocation decision between the T-bill rate

and the stock market every month. The third contribution of the Campbell and Thompson paper is

the observation that although the out of sample R2 values of the forecasts have very small absolute

magnitudes (0.100% to 0.476%), a CRRA utility investor (in the above setting) can still achieve a

significant portfolio performance improvement by using these forecasts. As a matter of comparison,

they state that a myopic log-utility investor utilizing the smoothed earnings-price ratio (with an

out of sample R2 of 0.309%) could increase the monthly portfolio return by 30 basis points or 3.6%

annualized.1

1We may view this as a discrete time version of the allocation strategy discovered by Merton for CRRA investors
in the continuous time setting; the fraction of wealth allocated to the risk asset is (µ− r)/(γσ2), where (µ− r) is the
equity premium and σ2 is the volatility. Campbell and Thompson argue that an investor who uses a predictor with
even a small positive R2

os will see a decrease in the perceived risk σ2 and hence will increase the allocation fraction
to the risky asset.
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There are at least two obvious ways that the simple predictive linear regression model could be

misspecified:

1. non-linear nonstationarities in the underlying time series. This could be approached by the

development of general one-to-one series statistical transformations of the underlying time

series which convert them to stationary time series.

2. regime-switching in the underlying linear relationships between the predictive variable and

the equity premium.

This paper will analyze some ways to address the second possibility, with the aim of improving

the performance of the forecasts. We find that for the post 1957 period, the interest rate variables,

the T-bill rate and the long term yield are significantly improved by the use of threshold regimes,

after we impose a nonnegativity constraint (the same as the panel C constraint above).

1.1 Preliminary comments on the data and on mathematical notation

In terms of data and notation, we follow the two papers Goyal and Welch (2004, [22]) and Campbell

and Thompson (2004, [10]) closely.

1. We define the terms in sample and out of sample by following the convention of the two

papers; we use the term in sample to describe the statistics and regressions which use the

entire sample period. We use the term out of sample forecasts (and more generally out of

sample) to denote the series of rolling one-period ahead predictive regressions.

2. We use the same set of predictor variables as in Campbell and Thompson (2004, [10])2. They

used many of the same variables as those in the Goyal and Welch paper, with a few changes.3

2We thank Samuel Thompson for generously providing the data set analyzed in the paper
3The data in raw form is available on Amit Goyal’s website with some additional earlier data available from

Robert Schiller’s website.
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Table 1 is virtually identical (up to numerical rounding) to the first table in their paper, with

one addition. We note that the original forecasts using inflation as a predictive regressor

were infeasible because the economic data was actually released 2 weeks later. In particular

the measure of inflation at time t is the ratio of the CPI (consumer price index, all urban

consumers) at time t and the CPI at time t − 1 minus 1. The CPI at the end of a month

is actually released 15 days afterwards. The original calculation is now labelled inflation

(infeasible); the new calculation (with the inflation data lagged by one month) is included as

the last variable inflation adjusted.

3. In defining the equity premium, we follow Campbell and Thompson (2004, [10]). Define the

total return of the S&P 500 at time t + 1, 1 + spt:t+1, as the sum of the value weighted index

at time t+1 together with the dividends, all divided by the time t index. Let Rf ;t:t+1 denote

the risk free rate from time t to time t+1 (and this is known at time t). The equity premium

at time t + 1 is the difference in the log total return and the log return of the risk-free rate4;

pt+1 ≡ log(1 + spt:t+1)− log(1 + Rf ;t:t+1).

Goyal and Welch (2003, [21]) advocate the use of graphs which plot the difference in the sum

of squared forecast errors between the historical mean and the predictive regression; these graphs

demonstrate that the out of sample predictability of the book to market variable is almost entirely

due to the years 1973 and 1974. The performance of the book to market predictive regression
4We note that this is one of the changes from Campbell and Thompson (2004, [10]) and the 2005 version ([11]).

They switched from using log returns in the 2004 version to using simple returns in the later version; in the later
version, they write

All the regressions we have reported predict simple stock returns rather than log stock returns. The use
of simple returns makes little difference to the comparison of predictive regressions with historical mean
forecasts, but all forecasts tend to generate higher mean residuals when log returns are used. The reason
for this is that high stock market volatility in the 1920’s and 1930’s depressed log returns relative to
simple returns in this period. Thus the gap between average stock returns in the late 20th Century and
the early 20th Century is greater when log returns are used.

In this paper, we only consider log returns.
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declined almost every year before and after the early 1970’s. We will present such graphs whenever

applicable to test whether any positive performance is due to anomalous time periods.

Finally, for a given time series {yt}, we will write ŷt+1 to denote a time t forecast for yt+1. The

historical mean forecast can then be written by the equation ŷt+1 = ȳt+1(= (
∑t

k=0 yk)/(t + 1))

1.2 Definition of the out of sample R2 statistic

Campbell and Thompson ([11], pages 5-6) defined R2
os, an out-of-sample R2 statistic which is

comparable with the in-sample R2 statistic. This compares the mean squared errors of a forecast

with the historical mean forecast on a relative basis:

R2
os ≡ 1−

∑T
t=1(rt − r̂t)2∑T
t=1(rt − r̄t)2

In this equation, our time series is {rt}−s≤t≤T , where s ≥ 0 and {r−s, . . . , r0} is the training

period; r̂t is the extrapolated value from the predictive regression with data from time −s up to

time t− 1, and r̄t = (
∑t−1

k=−s rk)/(t + s) is the historical mean from up to time t. (Our convention

is that if s = 0, then our predicted value for time 1 equals the time 0 value; r̂1 = r0). The sign

of R2
os indicates the relative performance of {r̂t} and {r̄t} on a RMSE (root mean square error)

basis; a positive R2
os occurs exactly when the RMSE of the predictor is less than the RMSE of the

historical mean forecast.

2 Regime switching

Why should we study regime switching models to forecast the equity premium? There are a number

of reasons:

1. Economic intuition suggests that the equity premium might be different for high growth
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and low growth states of the world. Indeed, the original paper on the equity premium puzzle,

Mehra and Prescott (1985, [31]), considered a multiple state world with varying equity premia

across states. Although this intuition alone might help to provide ex-post stories to explain

past equity premia, it is not obvious that there is either a good enough predictor of the next

period state of the world, or that the state of the world is persistent enough for use in multiple

regime predictive linear regression forecasts. In fact, if the relationship is weak enough, the

classification might well decrease forecasting ability, because it will reduce the number of

data points per regime and hence will increase the parameter estimation error from the least

squares regression.

2. There is an extensive literature of research into regime switching forecast models of time series

and economic data. We mention two recent papers: Clements and Krolzig (2004, [12]) studied

the ability of regime switching models to replicate stylized facts about US macroeconomic

data, and van Dijk and Franses (2003, [35]) study two-regime threshold linear regressions,

which can be specified as

yt+1 = (φ1,0 + φ1,1xt)I[zt > ct] + (φ0,0 + φ0,1xt)(1− I[zt ≤ ct]) + ηt (1)

Here, zt is the threshold variable, ct is our threshold value at time t, ηt is the noise term, and

I[A] is the indicator function of an event A which takes the value 1 if A occurs and takes the

value 0 otherwise. (van Dijk and Franses ran Monte Carlo simulations of an AR(1) process,

and considered forecasts based on threshold autoregressions. In their setting, xt ≡ yt, zt = yt,

and the threshold value ct = c is a constant. We have altered the subscripts of φ and switched

the inequalities in the indicator).
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The Campbell and Thompson portfolio strategies may be viewed as implementations of regime

switching. They state

A regression estimated over a short sample period can easily generate perverse results,
such as a negative coefficient when theory suggests that the coefficient should be positive.
Since out-of-sample forecast evaluation begins as little as 20 years after the start of the
data set, this can be an important problem in practice. To illustrate this point, Figure 1
plots the rolling regression coefficients of total returns and price returns on the dividend-
price ratio from 1927 through 2003, showing that the coefficients were negative until the
end of World War II. In practice, an investor would not use a perverse coefficient but
would likely conclude that the coefficient is zero, in effect imposing prior knowledge on
the output of the regression. ([11], p.6)

Implicitly, panel B strategies implement 2 states for the value of the forecast (the regression cal-

culation and the ex-ante historical mean), the panel C strategies implement 2 states (the regression

calculation and zero), and the panel D strategies implement 3 states (the regression calculation, the

ex-ante historical mean, and zero). Observe that in panels B and D, if the slope has a “perverse”

sign, then the forecast disregards the regression value entirely.

We will study models in which the strategy does not discard information, but instead uses

additional information to classify time periods into 2 regimes. We study models that conform to

the specification of equation (1). In all of our models, the predictand yt+1 will be the next period

equity premium, and the models will study different choices of the predictor xt, the threshold

variable zt, and the threshold values ct. In keeping with the requirement that the forecast strategy

be real-time and only implement information known up to and including time t to forecast the time

t+1 premium, we will usually specify the threshold value ct as the historical mean of the threshold

variable up to that point: ct = z̄t(= (
∑t−1

k=0 zk)/t).5

In section 2.2, our threshold variable will be the past quarter’s GDP growth (suitably lagged by

one month), and in section 2.3, our threshold variable will be the current month’s equity premium

5Our convention is that c0 will be either 0 or 1, depending if zt is a gross or net variable. Here zt could be either
a return or a growth rate.
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(pt, if we are trying to predict pt+1).

2.1 (Statistical tests) Testing for structural breaks in the regression fore-
casts

Structural breaks are sudden and abrupt changes in the underlying properties of a time series;

typically they involve changes in mean and variance, but other properties can also be analyzed.

There have been many finance papers which study structural breaks in the equity premia time

series in isolation, separate from any linear predictive regressions. Pastor and Stambaugh (2001,

[32]) utilize a Bayesian approach which assumes a positive relationship between the equity premium

and volatility across structural regimes and which also assumes that the excess returns are i.i.d

normal within regimes. They conclude that there were breaks around 1928, 1941, and 1991 within

a 1834 to 1996 framework. Kim, Morley, and Nelson (2005, [26]) weaken the assumptions and allow

for temporary changes in the volatility and the mean of the equity premium, and find (under more

stringent criteria) that there was only one structural break in 1941 for the time period 1926 to 1999.

They state

The analysis favors a model that relates the equity premium to Markov-switching
changes in the level of market volatility and accommodates volatility feedback. For
this model, there is evidence of a one-time structural break in the equity premium in
the 1940s, with no evidence of additional breaks in the postwar period. The break in
the 1940s corresponds to a permanent reduction in the general level of stock market
volatility. Meanwhile there appears to be no change in the underlying risk preferences
relating the equity premium to market volatility. The estimated unconditional equity
premium drops from an annualized 12% before the break to 9% after the break.

Hence there are frameworks which conclude that the equity premia time series possesses at

least one structural break. This suggests that linear predictive regressions of the equity premium

might also have structural breaks, and we try to apply some of the recently discovered tests for

structural breaks in the predictive regressions. Andrews (1993, [2]) provided a test for sudden one

time changes in linear regression parameters, based on the Chow test and F statistics. Bai (1997,
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[4]) and Bai and Perron (2003, [5]) developed computational tests to detect and identify multiple

break points. In these tests, the null hypothesis of a single linear regression regime is compared

with the specified alternative of 2 or more disjoint regimes of the regressor variables with distinct

linear relationships for each regime.

Another class of linear regression structural change tests arise from the generalized fluctuation

test framework. Leisch, Hornik, and Kuan (2000, [28]) is an example. These tests analyze the

limiting asymptotic distribution of the residuals arising from the linear regressions, and provide

tests to detect more general deviations from the null hypothesis of a single linear regression regime;

the alternative is not specified. These tests are very interesting from the perspective of trying to

improve predictive regressions; they provide statistical tests and techniques to monitor a time series

in real time, to attempt to detect structural breaks as soon as possible after they occur.

The ex-post tests for structural breaks find evidence of a structural break in the predictive

regressions in the 1920’s, especially for the market based variables. Unfortunately, the monitoring

results to detect structural breaks in real time are heavily parameter dependent, and hence they

would have been of limited usefulness to a real-time investor. Structural breaks were found in real

time for the stock market based variables but rarely for the macroeconomic variables. For example,

the moving sum of residuals test, which adds the rolling regression residuals over a bandwidth

of past values depends on a bandwidth or fraction of the entire history of the time series; the

asymptotic distribution (suitably scaled) is that of the increments of a Brownian motion. The tests

using a bandwidth equal to one-fourth of the past history detects breakpoints (at the 5% level) in

the linear coefficients of the lagged dividend to price ratio in 1946, 1998, and 2001, whereas the

bandwidth choice of one-half the past history detects breakpoints for the same variable in 1959,

1961, 1962, and 1966. Given the parameter dependence of these results, the analysis of these tools
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for real-time portfolio selection will require some insight as to why certain parameter values are

higher than others.

2.2 (Macroeconomic variables) Using GDP growth as a threshold vari-
able

Faugère and Van Erlach (2003, [16]) analyzed the long-run equity premium in the context of GDP
growth; they write

In this paper, we provide two alternative explanations for the long-run equity premium.
One is based on GDP growth; the other is based on a portfolio insurance motive. We
derive the long-run ex-ante equity premium and long run corporate debt return using
a supply-side growth model. Our model accurately replicates the arithmetic average
historical returns for the S&P 500 and the relatively riskless T-Bill. Our first conclusion
is that the equity premium defined as the difference between the S&P 500 stock return
and 3-month government T-Bill can be fully explained by GDP growth in the long run.
One key reason is that equity is a claim to earnings and dividend growth while fixed
income instruments are just that. ([16], p. 18)

This leaves open the question about quarterly real GDP growth and monthly predictive regres-

sions. We now examine the usefulness of quarterly real GDP growth as a threshold variable for

predictive regressions. There are several reasons why the use of the previous quarter’s GDP growth

might not work effectively in the prediction of the equity premium. First, the information is lagged

by either 1 month (for advance estimates) or 3 months (for the final estimates) (see the footnote for

more details). For certain choices of predictor variables, most of the additional information from

5This section presents preliminary results. It presents calculations on forecasts based on the 2005 estimates of
the real quarterly GDP time series, obtained from the FRED II database at the St. Louis branch of the Fed-
eral Reserve (http://research.stlouisfed.org/fred2/). (Specifically, the real quarterly GDP data was read from
http://research.stlouisfed.org/fred2/series/GDPC96/downloaddata/GDPC96.txt). However, these results are
preliminary in that a real-time investor would not have known the 2005 estimates; they would only have known
the advance GDP estimates released one month after the end of the quarter. (For example, the advance estimate
of the end of December GDP is released at the end of January. We do lag the threshold variable by one month to
reflect this delay in the release of information). In particular, the findings in this section are subject to the change
that results from using the advance estimates as opposed to the final revised estimates (which are released 3 months
after the end of the quarter; for example, the end of December GDP final estimate is released at the end of March).
A more realistic simulation would use the advance estimates rather than the final estimates. Recently we became
aware of the Real Time Data Set for Macroeconomists provided by the Philadelphia branch of the Federal Reserve.
(It is available at http://www.phil.frb.org/econ/forecast/reaindex.html). This data set contains snapshots of
announced economic data; in particular it contains the real-time advance GDP estimates, free of any future revi-
sions. We are working to rerun the calculations utilizing these real-time advance GDP estimates rather than the
2005 numbers. Since we only use the GDP number as a threshold variable (namely we only compare it to the ex-ante
historical mean of the GDP time series), we are hopeful that the results of this section will not change dramatically.
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the regime switch could have been impounded into prices within that lag period, and in this case,

the reduction in data points per regime (having gone from 1 regime to 2) with its resultant increase

in parameter estimation error could in fact decrease forecast precision and hence accuracy. Second,

the quarterly nature of this indicator poses obvious disadvantages for a threshold variable that is

updated monthly; if real GDP growth has enough monthly volatility, then forecast accuracy for the

regime switching forecast strategy will decrease even if there is a link between real GDP growth

and the equity premium.

We simulate such a strategy. We start the time series in May 1947 (the first date that real

GDP data is available), and we start the forecasts (for both the historical mean predictor and our

predictive regressions) in January 1957, to give a “training period” of nearly 10 years. Table 2

presents the summary results. We note that the switch to a 2 regime setting uniformly worsens all

the predictive regressions; there are none with a positive R2
os.

Next, we impose the panel C constraint, the nonnegativity constraint on the forecasts; Table 3

presents the summary results. We note the R2
os results for the two best predictors, the T-bill rate

and the long term yield, 1.14% and 0.71% respectively. Another curious feature is the contrast in

the t-stats among the variables; the two best predictors have the highest t-stats (in absolute value)

for the high growth periods, whereas they have unremarkable t-stats for the low growth periods.

2.3 (Market data) Using past equity premia

Finally, we consider a 2-regime strategy that uses the current month’s equity premium pt as the

threshold variable. The threshold value is the historical mean of the the equity premium p̄t. We

find qualitative results similar to the previous section; without the nonnegativity restriction, the 2

regime setting uniformly worsens all the predictive regressions, Table 4 presents the results.

Once again, we impose the panel C constraint; we impose the usual nonnegativity constraint;
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Table 5 presents the results. As before, the two best predictors are the T-bill rate and the long term

yield; they have R2
os values of 1.03% and 0.50% respectively. The in-sample t-statistics make these

strategies fairly suspect from an intuitive point of view; the t-statistics for the growth indicator

versions of these variables are fairly negligible.

We observe that the t-stat for the T-bill rate in the low growth time periods is quite high;

it is 3.21. The significance of the T-bill rate as a predictor during these low growth periods can

be illustrated by the stylized facts that in a low growth environment (including recessions), high

interest rates are quite detrimental to stock owners. This was the case for periods of time in the

1970’s and the early 1980’s. It is also the case that in a low growth period, a low interest rate can

signal future high equity premiums; this can be seen in the case of the early 2000’s.

The previous simulations used the same time period as our GDP growth indicator simulations; all

time series started in 1947. For our next simulation, we use the same time periods as Campbell and

Thompson; this allows comparison with their results. Table 6 presents the market regime switching

results, and Table 7 presents the results after imposing the usual nonnegativity constraint.

3 Conclusion and Discussion

This paper analyzed several aspects of the predictive linear regressions of the equity premium. We

observe the following:

1. One possibility to improve the regime switching strategies is to allow the optimum threshold

value be calculated as the optimum percentile of the threshold variable. Our strategies simply

used the mean, and if the distribution of the threshold variable is not very skewed, this would

correspond to the median, or the 50th percentile. One direction for future research is to

calculate the effects of allowing the strategy to calculate what the optimum percentile value
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had been in the past and to use this in the future.

2. Keeping track of information release is critical when simulating investment strategies based on

macroeconomic data. The infeasible inflation predictor provides exceptionally good predictive

power. The large contrast between the infeasible and the adjusted versions of the time series of

the inflation predictor variable raises some interesting questions, about the role of information

about inflation on the equity premium (and on expectations of future values of the equity

premium).

3. We compare Table 7 with Table 5. There are at least 2 noteworthy differences: the first

three market variables (lagged dividend price ratio, lagged earnings price ratio, and smoothed

earnings price ratio) do well in the longer sample (where data start from 1871 or 1881 and

forecasts start in 1927), but they perform badly in the smaller sample, with forecasts starting

from 1957. One possible hypothesis is that perhaps this predictability was exploited by

traders. One fact that might have minor relevance is the 1941 structural break in the equity

premium. (We mentioned the finding of Pastor and Stambaugh in an earlier section). This

1941 structural break might reduce the perceived predictability of stock market variables

if the evaluation period spans years both before and after 1941. Another striking contrast

between the two tables is the surprisingly good performance of the T-bill rate and the long

term yield in the more restricted time frame, but the poor performance in the longer time

frame. One reason for the poor performance of the T-bill forecast is the fact that the T-bill

rate was constant between 1942:07 to 1947:06. Since obviously the equity premium varied

during that time frame, any linear regression with the T-bill rate as a regressor and which

includes this time frame will penalize the T-bill rate severely.

4. The finding that inflation (at least the infeasible variable) is a relatively good predictor in-
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creases focus on the roles of TIPS (Treasury Inflation Protected Securities) as either providing

a predictive role (through its price time series) or as hedges for stock investors against the risk

of higher inflation. Can an investor use TIPS prices to obtain a higher frequency time series of

inflation expectations, and use this to help predict future equity premia? Perhaps a strategy

could calculated, based on the prevailing TIPS yield, the implied expectation about future

inflation and use this as a proxy for the infeasible inflation variable. During periods of in-

creasing inflation, to what extent could TIPS serve as a useful hedge for existing stockholders

against falling equity premia?

5. The restriction that forecasts are always nonnegative is almost always useful in improving the

R2
os, and it occasionally produces a dramatic improvement in forecast accuracy. How specific

is this improvement when forecasting equity premia in the US as opposed to other nations?

Goetzmann and Jorion (1999, [19]) argue that the high levels of the equity premium in the

US are subject to survivorship. If we were to apply the nonnegativity restriction when using

linear predictive regressions for the equity premium in other countries, how much of a forecast

advantage would remain? Also, are there any indicators which can reliably forecast negative

equity premia in advance?

6. The best predictors tend to be those whose regressions underestimate the equity premium.

During the October 1987 crash, those predictors received a substantial increase in R2
os and

the difference in RMSE, whereas the predictors which overestimate the equity premium (in

terms of average error) were penalized severely. Observe the ε̄os column in Table 4; the only

variables with a positive average error were the T-bill rate and the long term yield (except for

the lagged dividend price ratio which had a negligible average error of 0.038% as compared

to 0.450% and 0.423%). We conjecture that in general, risk-averse investors prefer predictors
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which underestimate the equity premium over those which overestimate the equity premium

(if other factors such as RMSE are equal). To take an extreme example, a severely risk

averse investor might feel “safer” using an underestimating predictor because she feels less

exposed or vulnerable to a crash. To what extent, if any, will these underestimating predictors

provide greater utility gains? This might also be reflected in a preference for right-skewed

distributions for the residual forecast errors, and this would not conform to the normality (or

at least symmetry) assumption on the distribution of forecast errors assumed by the Merton

and the Campbell-Thompson analysis. These underestimating regressors are also typically

those who benefit most from the panel C restriction, the nonnegativity requirement on the

forecast of the equity premium. Evidence for this can be seen by comparing the ε̄os column

in Table 5 with that column in Table 4; the nonnegativity constraint placed on the T-bill and

long term yield forecast drastically reduced the average underestimate from 0.450% to 0.039%

(for the T-bill forecast) and from 0.423% to 0.062%. The average error for the underestimating

predictors improves dramatically with the restriction, as the most severe underestimates, those

which forecast a negative value for the equity premium, become truncated to zero.

7. Regime switching based on macroeconomic variables or the current equity premium is some-

what useful in boosting forecast performance, for certain variables. Are there identifiable time

series properties of the two best predictors, the T-bill rate and the long term yield, which

help to distinguish them from the other predictor variables? This is particularly interesting

because those two predictors experience a tremendous increase in forecasting power (at least

as measured by the RMSE) whereas virtually every other variable considered suffers dramatic

degradation in forecast performance. This is partly explained by October 1987, but not en-

tirely; the slopes of the difference in the sum of the squared errors is consistently positive

16



for those two predictors, and it is consistently negative for others. Is this due entirely to the

underestimation of their predictive forecasts?
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