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The Accuracy, Bias and Efficiency
of Analysts’ Long Run Earnings
Growth Forecasts

Ricuarp D.F. Harris*

1. INTRODUCTION

Considerable research has now been undertaken into prof-
essional analysts’ forecasts of companies’ earnings in respect of
both their accuracy relative to the predictions of time series
models of earnings, and their rationality. The evaluation of the
reliability of analysts’ earnings growth forecasts is an important
aspect of research in accounting and finance for a number of
reasons. Firstly, many empirical studies employ analysts’ con-
sensus forecasts as a proxy for the market’s expectation of future
earnings in order to identify the unanticipated component of
earnings. The use of consensus forecasts in this way is predicated
on the assumption that they are unbiased and efficient forecasts
of future earnings growth. Secondly, institutional investors make
considerable use of analysts’ forecasts when evaluating and
selecting individual shares. The quality of the forecasts that they
employ therefore has important practical consequences for
portfolio performance. Finally, from an academic point of view,
the performance of analysts’ forecasts is interesting because it
sheds light on the process by which agents form expectations
about key economic and financial variables.
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726 HARRIS

Nearly all of the research to date, however, has been concerned
with analysts’ forecasts of quarterly and annual earnings per
share." While the properties of analysts’ short run forecasts are
undoubtedly important in their own right, it is long run
expectations of earnings growth that are more relevant for security
pricing (see, for instance, Brown et al., 1985). A number of papers
have suggested that there is substantial mis-pricing in the stock
market as a consequence of irrational long run earnings growth
forecasts being incorporated into the market expectation of
earnings growth (DeBondt, 1992; La Porta, 1996; Bulkley and
Harris, 1997; and Dechow and Sloan, 1997). The evaluation of the
performance of analysts’ long run forecasts is clearly important as
corroborating evidence.

This paper provides a detailed study of the accuracy, bias and
efficiency of analysts’ long run earnings growth forecasts for US
companies. It identifies a number of characteristics of forecast
earnings growth. Firstly, the accuracy of analysts’ long run earnings
growth forecasts is shown to be extremely low. So low, in fact, that
they are inferior to the forecasts of a naive model in which
earnings are assumed to follow a martingale. Secondly, analysts’
long run earnings growth forecasts are found to be significantly
biased, with forecast earnings growth exceeding actual earnings
growth by an average of about seven percent per annum. Thirdly,
analysts’ forecasts are shown to be weakly inefficient in the sense
that forecast errors are correlated with the forecasts themselves. In
particular, low forecasts are associated with low forecast errors,
while high forecasts are associated with high forecast errors. The
bias and inefficiency in analysts’ long run forecasts are
considerably more pronounced than in their short run and
interim forecasts.

It is investigated whether analysts incorporate information
about future earnings that is contained in current share prices.
It is demonstrated that consistent with their short run and
interim forecasts, analysts’ long run earnings growth forecasts
can be enhanced by assuming that each individual firm’s
earnings will evolve in such a way that its price-earnings ratio
will converge to the current market average price-earnings ratio.
Analysts therefore neglect valuable information about future
earnings that is readily available at the time that their forecasts
are made.
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The source of analyst inaccuracy is explored by decomposing
the mean square error of analysts’ forecasts into two systematic
components, representing the error that arises as a result of
forecast bias and forecast inefficiency, and a random, unpre-
dictable component. In principle, the systematic components of
analysts’ forecast errors can be eliminated by taking into account
the bias and inefficiency in their forecasts. However, it is shown
that the bias and inefficiency of analysts’ forecasts contribute very
little to their inaccuracy. Over eighty-eight percent of the mean
square forecast error is random, while less than twelve percent is
due to the systematic components. This is an important result for
the users of analysts’ forecasts since it means that correcting
forecasts for their systematic errors can potentially yield only a
small improvement in their accuracy.

A second decomposition is used to examine the level of
aggregation at which forecast errors are made. The mean square
forecast error is decomposed into the error in forecasting
average earnings growth in the economy, the error in forecasting
the deviation of average growth in each industry from average
growth in the economy, and the error in forecasting the
deviation of earnings growth for individual firms from average
industry growth. It is demonstrated that the error in forecasting
average earnings growth in the economy contributes relatively
little to analysts’ inaccuracy. Over half of total forecast error
arises from the error in forecasting deviations of individual firm
growth from average industry growth. The error in forecasting
deviations of average industry growth from average growth in the
economy is smaller, but also significant. However, there is
evidence that this pattern is changing over time, with increasing
accuracy at the industry level, and diminishing accuracy at the
individual firm level.

Finally, it is shown that the performance of analysts’ long run
earnings growth forecasts varies substantially both with the
characteristics of the company whose earnings are being forecast
and of the forecast itself. The accuracy, bias and efficiency of
analysts’ forecasts is examined for sub-samples of firms
partitioned by market capitalisation, price-earnings ratio,
market-to-book ratio and the level of the forecast itself. The
most reliable earnings growth forecasts are low forecasts issued
for large companies with low price-earnings ratios and high
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market-to-book ratios. Again, this is of considerable practical
importance since it offers users of analysts’ forecasts some
opportunity to discriminate between good and bad forecasts.

The organisation of this paper is as follows. The following
section gives a detailed description of the data sources and the
sample selection criteria. Section 3 describes the methodology
used to evaluate forecast accuracy, bias and efficiency. Section 4
reports the results, while Section 5 concludes.

2. DATA

The sample is drawn from all companies listed on the New York,
American and NASDAQ stock exchanges. Data on long run
earnings growth expectations are taken from the Institutional
Brokers Estimate System (IBES). The data item used in this paper
is the ‘expected EPS long run growth rate’ (item 0), which has
been reported by IBES since December 1981, and is defined as:

the anticipated growth rate in earnings per share over the longer term. IBES

Inc. requests that contributing firms focus on the five-year interval that

begins on the first day of the current fiscal year and make their calculations
based on projections of EPS before extraordinary items.

The expected long term growth rate is therefore taken to be the
forecast average annual growth in earnings per share before
extraordinary items, over the five year period that starts at the
beginning of the current fiscal year.” The measure used in this
paper is the median forecast calculated and reported in April of
each year, . The analysis was also conducted using the mean
forecast, but the quantitative results are virtually identical, and
the qualitative conclusions unchanged.”

Only December fiscal year end companies are included in the
sample and so the use of the consensus forecast reported in April
should ensure that the previous fiscal year’s earnings are public
information at the time that the individual forecasts that make up
the consensus forecast are made (see Alford, Jones and
Zmijewski, 1994). Restricting the sample to December fiscal
year-end companies ensures that observations for a particular
fiscal year span the same calendar period, thus allowing the
identification of macroeconomic shocks that contemporaneously
affect the earnings of all firms.
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Actual growth in earnings is calculated using data on earnings
per share, excluding extraordinary items, taken from the
Standard and Poor’s Compustat database (item EPSFX). Average
annual earnings growth is computed as the average change in
earnings over each five year period, from December of year ¢—1
to December of year ¢+5, scaled by earnings in December of year
t—1. The need for five years’ subsequent earnings growth data
limits the sample period to the eleven years 1982-92. Data on a
number of other variables are also used in the analysis. The share
price and market capitalisation are both taken at the end of April
of year t (Compustat items PRCCM and MKVALM). The market
price-earnings ratio, used to test whether information contained
in the share price is incorporated in analysts’ forecasts, is
computed as the price at the end of April in year ¢ (item PRCCM)
divided by earnings per share in the fiscal year ending December
t—1 (item EPSFX). The market-to-book ratio is computed as the
market value of the company in April of year ¢ (item MKVALM)
divided by the book value of the company in the fiscal year
ending December of year {—1 (item CEQ).

There are a total of 7,660 firm-year observations that satisfy the
data requirements for all the variables used in the analysis, and
that have a December fiscal year-end. However, for 658 of these,
earnings reported at the end of the preceding fiscal year are zero
or negative. These are omitted from the sample since forecast
growth has no natural interpretation when earnings in the base
year are non-positive.* When initial earnings are close to zero,
actual growth in earnings may take extreme values, resulting in
outliers that have a disproportionately high degree of influence
on the least squares regression results. There is no immediately
obvious way to circumvent this problem without dropping some
observations from the sample. The approach most commonly
adopted is to omit observations for which the calculated growth
rate, the forecast growth rate or the forecast error is above a
certain threshold in absolute value, or for which calculated initial
earnings are below a certain level. For instance, Fried and Givoly
(1982) truncate observations for which forecast error exceeds
100%. Elton et al. (1984) include in their sample only those
companies for which initial earnings are above 0.20 dollars per
share. O’Brien (1988), in order to test the robustness of her
results to outliers, also uses 0.20 dollars as a threshold value.
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Capstaff et al. (1995) omit observations for which forecast
earnings growth or forecast error exceeds 100%), while Capstaff et
al. (1998) exclude companies for which forecast earnings growth
or actual earnings growth exceeds 100%. In this paper, all
observations for which actual earnings growth or forecast
earnings growth exceeds 100% in absolute value are omitted
from the analysis, reducing the sample by a further 336 firm-year
observations. The final pooled sample comprises 6,666 firm-year
observations.”

3. METHODOLOGY

(i) Forecast Accuracy

The metric used to evaluate forecast performance is the forecast
error, defined as the difference between actual and forecast
earnings growth:

Jeiw = gir — gi/t (1)
where fe; is the forecast error for firm i corresponding to the
forecast made at date ¢, gy is actual earnings growth over the five
year forecast period and glft is forecast five year earnings growth.
Forecast accuracy is evaluated using the mean square forecast
error, which is computed in each year ¢ as:

N
MSFE, = %Z(gﬁ — )2 (2)

i=1
The mean square forecast error for the pooled sample is
computed over all firms and years. The mean square forecast
error was chosen in preference to the mean absolute forecast
error to maintain consistency with the subsequent analysis which
uses the former measure rather than the latter. However, it
should be noted that the use of the mean square forecast error is
consistent with a quadratic loss function of risk averse economic
agents (see Theil, 1964; and Mincer and Zarnovitz, 1969). It can
be reported that the conclusions drawn about forecast accuracy

are not sensitive to the choice of measure.

As a benchmark against which to compare the accuracy of
analysts’ long run forecasts, the performance of two ‘naive’
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forecasts is also considered. The first is the forecast generated by
a martingale model of earnings, in which expected earnings
growth is zero. The second is the forecast generated by a sub-
martingale model, in which expected earnings is equal to a drift
parameter that is identical for all firms. In each forecast year, the
common drift parameter is set equal to the average growth rate in
earnings over all firms, over the previous five year period.® This
choice of naive forecasts is motivated by the early evidence on the
time series properties of earnings, which suggests that annual
earnings follow a random walk, or a random walk with drift (see,
for instance, Brooks and Buckmaster, 1976; or Foster, 1977).
Although more recent evidence finds that annual earnings may
have a mean reverting component (see Ramakrishnan and
Thomas, 1992), the martingale and sub-martingale models of
earnings nevertheless provide simple alternative models that are
approximately consistent with the reported evidence.

(1) Forecast Bias

In order for a forecast to be unbiased, the unconditional
expectation of the forecast error must be zero. If the average
forecast error is greater than zero then analysts are systematically
over-pessimistic (since their forecasts are on average exceeded)
while if the average forecast error is less than zero analysts are
systematically over-optimistic (since their forecasts are on average
unfulfilled). Unbiasedness is tested using the mean forecast
error, which is computed in each year ¢ as:

N
MFE, = %Z(gu ~gh)- (3)
i=1

The mean forecast error for the pooled sample is computed
over all firms and years. The hypothesis that the mean forecast
error is zero is tested using the standard error of the mean
forecast error across all firms and years for the pooled sample,

and across all firms for each of the annual samples.

(iii) Forecast Efficiency

A forecast is efficient if it optimally reflects currently available
information, and is therefore associated with a forecast error that
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is unpredictable. If a forecast is strongly efficient, the forecast
error is uncorrelated with the entire information set at time ¢
Strong efficiency is a stringent condition, and so more usually
forecasts are instead tested for weak efficiency, which requires
that the forecast error is uncorrelated with the forecast itself (see
Nordhaus, 1987). Weak efficiency is tested by estimating the
following regression:

gt =+ ﬂg{; + vy (4)

Under the null hypothesis that analysts’ forecasts are weakly
efficient, the intercept, «, should be zero, while the slope
coefficient, (3, should be unity. If 3 is significantly different from
one then conditioning on the forecast itself, the forecast error is
predictable.7 If B is significantly less than one then analysts’
forecasts are too extreme, in the sense that high forecasts are
associated with high forecast errors, while low forecasts are
associated with low forecast errors. If 3 is significantly greater
than one then forecasts are too compressed.

(iv) The Incremental Information Content of Price-Earnings Based
Forecasts

A stronger form of forecast efficiency can be tested by examining
whether analysts’ forecasts incorporate particular sources of
publicly available information. One such source of information is
the current share price. In an efficient market, the share price is
the present discounted value of all rationally expected future
economic earnings of the company, and hence it should reflect,
inter alia, the market’s expectation of long run earnings growth.
To extract the information about future earnings embodied in
the share price, some assumption must be made about the
company’s cost of equity, or risk. The simplest assumption is that
all companies face the same constant cost of equity in the long
run, so that the earnings of each company evolve in such a way
that its price-earnings ratio converges to the current market
average price-earnings ratio. The earnings growth forecast that is
implicit in this assumption can then be used to supplement the
analysts’ earnings growth forecast in the following regression:

g =+ Bg, + gl + va, (5)
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where

it it

it] pem — éi 1 K p;
O T
i=1

and p; is the share price of firm ¢ at time ¢ If analysts incorporate
all information contained in the current share price, the
coefficient, 7y, should be zero (see Capstaff et al., 1995 and
1998). Naturally, the assumption that all firms have the same
long run price-earnings ratio is a strong simplification, and a
superior forecast would almost certainly be obtained by assuming
that price-earnings ratios differ between industries. Nevertheless,
the assumption of a single market-wide long run price-earnings
ratio has been shown to forecast earnings growth over shorter
horizons (see, for instance, Ou and Penman, 1989).

(v) Forecast Error Decomposition

In order to analyse the source of analysts’ forecast errors, two
decompositions of the mean square forecast error are used. The
first decomposes the mean square forecast error into systematic
and unsystematic components. The systematic component is
further divided into a component due to forecast bias and a
component due to forecast inefficiency. In each year ¢ the
decomposition of the MSFE is given by:

N

1 . TN 9
MSFE, = ﬁZ(gil_gﬁ)z = (gt_g{)z + (1_61)20'2” + (1—p?)a§t

ti=1
(6)

where N, is the sample size in year ¢, g, and E/t are the average
values of g;; and g{t , B¢ is the slope coefficient from regression (4),
above, p, is the correlation coefficient between gj and g;,, and 02/- ;
and 021 are the variances of g; and gl/t The first term in the
decomposition gives the error that is due to the inability of
analysts to forecast earnings growth for the whole sample. When
computed over all years, it is therefore a measure of the error
that is due to forecast bias. The second term captures the error
that is due to forecast inefficiency. Together, these two terms
capture the systematic error in analysts’ forecasts. In contrast, the
third term captures the component of the error that is purely
random. This decomposition is particularly useful since it reveals
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to what extent forecasts can be improved through ‘optimal linear
correction’ procedures (see Mincer and Zarnovitz, 1969; and
Theil, 1966). For instance, if the main component of mean
square error is systematic, rather than random, then assuming
that the data generating process for both the actual data and the
forecast data remains constant, the accuracy of analysts’ forecasts
can be substantially improved by using the predicted values from
regression (4), above, rather than the forecasts themselves. The
extent to which this reduces the inaccuracy of the forecasts
depends upon the fraction of the mean square forecast error that
is due to the systematic component.

The second decomposition breaks the mean square forecast
error into economy, industry and firm components. The
decomposition of the MSFE is given each year ¢ by:

1 & ¥
MSFE, = NZ(g” —g)?

=1

J:
=@y Y NIE T - @ ()

()
LS - - & -2
N, — 8it g]t it gt/

where [, is the number of industries in the sample, Ny is the
number of ﬁrrr.ls in 1r1du'stry J> g, and gy, are the average Value§ of
gy and g{t in industry j. The decomposition has the following
interpretation. As before, the first term measures the error that is
due to analysts’ inability to forecast the average growth for the
whole sample, which in this context may be interpreted as their
inability to forecast earnings growth for the economy. The
second term measures the error that is due to an inability to
forecast the deviation of average growth in an industry from
average growth in the economy. The third term measures the
error that is due to an inability to forecast deviation of individual
firm growth from average growth in its industry. The decompo-
sition for the pooled sample is computed by taking the weighted
average of the decomposition for the annual samples, with weights
proportional to the sample size each year. Such a decomposition
is useful because it reveals the level of aggregation at which
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forecast errors are made, and may reflect the particular approach
used to generate earnings growth forecasts (see Elton, Gruber
and Gultekin, 1984). In the present study, each industry is
defined by a two digit SIC code. This yields a total of 56
industries, with an average of about twelve firms in each industry.
The use of three digit SIC codes yields a large number of
industries that comprise only a single firm. In these cases, the
firm-specific error and industry specific error are not separately
identifiable, and are reflected in the third component of the
decomposition. The effect of using two digit, rather than three
digit SIC codes is therefore to increase the firm specific error and
reduce the industry specific error.

For both decompositions, it is convenient to express each term
as a percentage of the total mean square forecast error. For the
pooled samples, the mean square forecast error components are
averaged over the individual years, with weights proportional to
the sample size each year.

(vi) The Performance of Analysts’ Forecasts Conditional on Firm and
Forecast Characteristics

In order to explore possible heterogeneity in the performance of
analysts’ long run earnings growth forecasts, the sample is
partitioned by various characteristics of the firm whose earnings
are being forecast and of the forecast itself. Specifically, the
sample is split into equally sized quintiles on the basis of market
capitalisation, market-to-book ratio, price-earnings ratio and the
level of the forecast itself. Forecast accuracy, bias and efficiency is
then examined for each sub-sample. Forecast accuracy is
measured by the mean square forecast error given by (2),
forecast bias is measured by the mean forecast error given by (3),
while forecast efficiency is measured by the estimated slope
parameter in regression (4).

In order to identify the marginal effects of each of the firm and
forecast characteristics on forecast accuracy, bias and weak form
efficiency, the following regressions are estimated:

(g — g{,;)g = o+ Bilnm; + Bomby + Bspe + ﬁ4g{t + vy, (10)
git — g{[ = o + Bilnmy + Bomby + Bspei + ﬂ4gi/t + vy (11)
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and

(g —g)l(ge —3) — (g — 2] = o+ Bilnmy + Bamby
+PBspei + 34&/; + i, (12)

where Inm;, is the natural logarithm of the market capitalisation of
firm 7 at the beginning of the forecast period, mb; is the market-to-
book ratio and pe; is the price-earnings ratio. The dependent
variables in the three regressions are the summands in (a) the
mean square forecast error, (b) the mean forecast error and (c)
the estimated covariance between (gj; — gljt ) and gg.s

(vii) Estimation Procedure

In order to allow for time specific market wide shocks, each of
the regression equations (4), (5), (9), (10), (11) and (12) is
estimated by OLS, including fixed time effects. However,
inference based on OLS estimates of the variance-covariance
matrix of the disturbance term may be misleading since both
heteroscedasticity and cross-sectional correlation are likely to be
present in the data. One potential solution is to use GLS, in
which the heteroscedasticity and cross-section correlation are
parameterised and estimated. However, in the present case, GLS
is infeasible since the number of cross-section observations is
large relative to the number of time series observations. This
paper employs instead the non-parametric approach of Froot
(1989), which is robust to both contemporaneous correlation
and heteroscedasticity. This involves partitioning the data by a
two digit SIC code and assuming that the intra-industry
correlation is zero. This then allows the consistent estimation
of the parameter covariance matrix. The Froot estimator is
modified using the Newey-West (1987) procedure in order to
allow for the serial correlation in the regression error term that is
induced by the use of overlapping data.

4. RESULTS

(i) Forecast Accuracy

Panel A of Table 1 reports the mean square forecast error, given
by (2), for the pooled sample and for each individual year. It also
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reports the mean square forecast errors for the naive forecasts of
the martingale model, where forecast earnings growth is zero,
and the sub-martingale model, where forecast earnings growth is
the historical economy wide average earnings growth rate.

The accuracy of analysts’ long run earnings growth forecasts is
extremely low. In the pooled sample, the mean square forecast
error for analysts is 7.15%. For the martingale model, the mean
square error is 6.63%, while for the sub-martingale model, it is
marginally lower at 6.60%. On average, therefore, a superior
forecast of long run earnings growth for individual companies
can be obtained simply by assuming that average annual earnings
growth will be zero. This is a strong indictment of the accuracy of
analysts’ long run forecasts, and in view of the additional
information available to analysts, is surprising. It also contrasts
with the evidence for shorter horizon forecasts where analysts
appear to have some advantage over time series models.
Furthermore, the alternative models used here are relatively
simple. If in fact earnings are stationary, then it is likely that a yet
superior forecast could be obtained from an estimated time
series model for each firm, and so the relative inferiority of
analysts’ forecasts is probably understated here.

Turning to the annual samples, the martingale model
generates superior forecasts in seven out of eleven years, while
the sub-martingale model generates forecasts that are superior to
analysts’ forecast in nine of the eleven years, and superior to the
forecasts of the martingale model in ten out of eleven years. This
suggests that one can improve on the zero growth forecast of the
martingale model by using the historical economy average
earnings growth rate to predict subsequent growth for individual
firms. However, the improvement is only marginal, reflecting
both considerable variation in average earnings growth between
years and considerable dispersion in earnings growth rates across
the economy. The time-series pattern of forecast errors suggests
that analyst inferiority is not caused by just one or two outlying
years. Nor does it suggest that there is any improvement in the
accuracy of analysts’ forecasts over the sample period, either
relative to the forecasts of the martingale and sub-martingale
models, or in absolute terms. The (unweighted) average mean
square forecast error for the first five years in the sample is
7.02%, while in the last five years it is 7.28%. This is in contrast
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with evidence reported elsewhere that analyst accuracy has
increased over time (see Brown, 1997).

(1) Forecast Bias

Panel B of Table 1 reports the mean forecast error for analysts’
forecasts of long run earnings growth, given by (3), and its
standard error. In the pooled sample, the mean forecast error is
negative indicating that analysts’ long run earnings growth
forecasts are over-optimistic. The mean forecast error is very
significant both in statistical and economic terms. On average,
forecast growth exceeds actual growth by about seven percent per
annum. Over-optimism in long run earnings growth forecasts is
consistent with evidence reported for analysts’ shorter horizon
earnings forecasts (see, for instance, Fried and Givoly, 1982;
Brown et al., 1985; and O’Brien, 1988). It is also consistent with
international evidence on analysts short run and interim
forecasts (see Capstaff et al., 1995 and 1998).

The mean forecast error is also negative in each individual
year, and significantly negative in all but the last, ranging from
1.50% to 11.82% per annum. This is in contrast with analysts’
shorter horizon forecasts where the direction of the reported bias
displays considerable year to year variation (see, for instance,
Givoly, 1985). It is again notable that the degree of over-optimism
has not diminished significantly over time. The (unweighted)
mean forecast error for the first five years of the sample is
—6.99%, while for the last five years it is —7.20%. It is of course
possible that the last year in the sample, where the mean forecast
error is less than two percent, marks the start of a reduction in
analyst over-optimism. Whether this is borne out by future studies
will be of considerable interest.

(iii) Forecast Efficiency

Panel A of Table 2 presents the results of regression (4). The
efficiency condition is very strongly rejected for analysts’ long run
earnings growth forecasts. In the pooled sample, 3 is significantly
less than unity and at 0.20, only marginally greater than zero.
This is a considerably stronger rejection of efficiency than found
by other authors for shorter horizon forecasts. For instance,
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Table 1

Forecast Accuracy and Forecast Bias

Panel A: Forecast Accuracy Panel B: Forecast Bias

MSFE of  MSFE of MSFE of MFE of  Standard

Analysts  Martingale  Sub-martingale | Analysts Error
Pooled sample  7.15 6.63 6.60 —17.33 (0.31)
1982 7.34 5.15 6.41 —11.39 (1.01)
1983 6.88 7.01 6.51 —5.48 (1.20)
1984 6.75 7.14 6.40 —4.01 (1.12)
1985 7.19 6.67 6.29 —6.61 (1.08)
1986 6.92 6.47 6.24 —7.44 (1.08)
1987 6.95 5.77 5.75 —10.78 (0.99)
1988 7.38 6.32 6.40 -10.20 (1.00)
1989 6.99 5.22 5.71 -11.82 (0.91)
1990 5.69 5.20 4.95 —7.40 (0.85)
1991 7.58 7.78 7.60 —5.04 (0.99)
1992 8.78 9.62 9.78 —1.50 (1.10)
Notes:

Panel A reports the mean square forecast error for analysts’ forecasts and the forecasts of
two naive models.

N
The MSFE of analysts forecasts is calculated each year as %Z i —

i=1

the MSFE of the martingale model is calculated each year as %Z(g,[)z,
i=1

N .
the MSFE of the sub-martingale model is calculated each year as %Z(g” - g,_l)z;

i=1
where g is five year earnings growth from January year ¢ to December year ¢4, is forecast
of g; reported at April year fand g,_, is the average value over all companies of five year
earnings growth from January year {—5 to December year {—1. The MSFE for the pooled
sample is computed over all firms and years.

Panel B reports the mean forecast error of analysts, calculated as:

N

l .
MFE = =3 (g1~ g1):
=1

and its standard error. The MFE for the pooled sample is computed over all firms and
years.

DeBondt and Thaler (1990) find that while they reject the
hypothesis that 3 is equal to unity for one and two year forecasts,
their estimated parameters (0.65 for one year forecasts, 0.46 for
two year forecasts) are much larger than those reported here,
both statistically and economically. For annual earnings forecasts,
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Table 2

Forecast Efficiency

Panel A: Weak Efficiency Panel B: The Incremental Information
Content of Price-Earnings Based Forecasts
3 SE R’ 3 SE 4 SE R

Pooled
sample 0.20  (0.08) 0.00 0.05 (0.09) 0.04 (0.01) 0.02
1982 —-0.73 (0.26) 0.04 —0.81 (0.28) 0.03 (0.04) 0.05
1983 0.42 (0.25) 0.01 0.08 (0.27) 0.05 (0.02) 0.04
1984 0.19 (0.27) 0.00 0.03 (0.30) 0.04 (0.02) 0.01
1985 0.05 (0.29) 0.00 0.02 (0.33) 0.01 (0.02) 0.00
1986 0.31 (0.23) 0.01 -0.25 (0.22) 0.10 (0.02) 0.06
1987 0.46 (0.22) 0.01 0.41 (0.22) 0.01 (0.02) 0.01
1988 0.42 (0.21) 0.01 0.43 (0.21) 0.00 (0.01) 0.01
1989 0.08 (0.22) 0.00 —-0.03 (0.23) 0.03 (0.02) 0.01
1990 0.28 (0.17) 0.01 0.20 (0.20) 0.02 (0.02) 0.01
1991 0.39 (0.17) 0.01 0.11 (0.50) 0.06 (0.03) 0.03
1992 0.09 (0.27) 0.00 —-0.20 (0.31) 0.10 (0.03) 0.05
Notes:

Panel A reports the results of the test of the weak efficiency of analysts’ forecasts. The
regression for the pooled sample is gy = a, + (g}, + wy where g is five year earnings
growth from January year ¢ to December year (+4 and g, is the median forecast of g
reported in April of year . The regression for the annual samples is g = a;, + (3,8, + w.
The Panel reports the estimated slope parameter, its Froot-Newey-West adjusted standard
error and the adjusted Rsquared statistic.

Panel B reports the results of the test for the incremental information content of price-
earnings based forecasts. The regression for the pooled sample is gy = o, + Bg,+
'yg{; + u; where gj is five year earnings growth from January year ¢ to December year {+4,
is the median forecast of g; reported in April of year ¢,

N
gp _ pu/pem — eu Dew = lz[ﬁ
it e I “mi N s e k

e is the earnings reported in December of year ¢—1, and p; is the price in April of year ¢
The regression for the annual samples is g, = a, + 8, + Y.l + uy. The Panel reports
the estimated slope parameter, its Froot-Newey-West adjusted standard error and the
adjusted Rsquared statistic.

Givoly (1985) cannot reject the hypothesis that 3 is unity. Using
UK data on the forecasts of individual analysts, Capstaff et al.
(1995) find that the estimated coefficient declines with the
forecast horizon, with an estimated value of around 0.5 for 20
month forecasts (their longest horizon). The results of this paper
therefore strongly support the view (first offered by DeBondt and
Thaler, 1990) that forecast earnings growth is too extreme, and
that the longer the horizon, the more extreme it becomes. In the
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annual regressions, [ is significantly less than unity in all years,
and significantly greater than zero in only three years. In one
year, it is actually significantly negative.

(tv) The Incremental Information Content of Price-Earnings Based
Forecasts

The results of regression (5), which supplements analysts’” fore-
casts with forecasts that are derived from the assumption that
earnings will evolve in such a way that each firm’s price-earnings
ratio will converge to the current market price-earnings ratio, are
reported in Panel B of Table 2. Under the null hypothesis that
analysts make optimal use of information about future earnings
that is contained in share prices, the coefficient on the price-
earnings based forecast, 7, should be zero. In the pooled sample,
the estimated coefficient is significantly greater than zero,
implying that analysts do not make full use of information that
is readily available at the time that their forecasts are made.
However, there is much year to year variation in both the stat-
istical and economic significance of the coefficient, with six years
in which the coefficient is not statistically different from zero.

The marginal contribution of price-earnings based forecasts
can be gauged by comparing the two Panels of Table 2. The
inclusion of the price-earnings forecast explains an additional
two percent of the variation in actual earnings growth in the
pooled sample, while in individual years, this figure varies
between zero and five percent. However, the price-earnings
based forecast used in the present analysis is derived under the
somewhat unrealistic assumption that all firms have a common
long run price-earnings ratio. Undoubtedly, more accurate
earnings growth forecasts could be imputed by making more
sophisticated assumptions about how price-earnings ratios evolve
over time. The results presented here therefore almost certainly
understate the extent to which analysts neglect information
embodied in share prices. The fact that analysts appear to neglect
information contained in share prices when forming their long
run earnings growth forecasts is consistent with analogous results
for their forecasts over shorter horizons (see, for instance, Ou
and Penman, 1989; Abarbanell, 1991; Elgers and Murray, 1992;
and Capstaff et al., 1995 and 1998).
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(v) Forecast Error Decomposition

The preceding results demonstrate that the accuracy of analysts’
long run earnings forecasts is extremely low, and that they are
very significantly biased and inefficient. In this sub-section, the
source of analysts’ forecast error is investigated using the two
decompositions of mean square forecast error described in
Section 3. The first decomposes forecast error into systematic and
non-systematic components. The results of this decomposition
are given in Panel A of Table 3. It can be seen that by far the
largest component of mean square forecast error is random. In
the pooled sample, less than twelve percent of the forecast error
is the result of the systematic component of analysts’ forecast
errors. Of the systematic component, about seven percent is due
to bias, and about four percent due to inefficiency. A similar
pattern holds for the annual samples, although there is
considerable year to year variation, with as much as ninety-five
percent of mean square forecast error accounted for by the
random component in some years. In principle, knowledge of
the systematic error in analysts’ forecasts permits the use of
‘optimal linear correction’ techniques in order to improve
forecast accuracy. This involves employing the predicted values
calculated using the estimated coefficients from regression (4),
above, in place of the forecasts themselves. The effect of the
ordinary least squares regression is to adjust the forecasts by
compensating for their bias and inefficiency. The degree to
which accuracy can be enhanced in this way depends upon the
proportion of the mean square forecast error that is systematic.
The results reported here imply that, assuming that the
underlying data generating process for actual earnings growth
and the method by which analysts form the expectations of
earnings growth remain constant, optimal linear correction of
the forecasts will reduce the forecast error only by about twelve
percent. This is clearly an important result for the users of
analysts’ forecasts.

The second decomposition divides the mean square forecast
error into the error in forecasting average earnings growth in the
economy, the error in forecasting the deviation of average growth
in each industry from average growth in the economy, and the
error in forecasting the deviation of earnings growth for
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Table 3

Forecast Error Decomposition

Panel A : Decomposition by Panel B: Decomposition by
Error Type Level of Aggregation
Bias  Inefficiency Random Economy  Industry Firm
Pooled
sample 7.51 4.07 88.45 9.21 35.53 55.25
1982 17.67 15.41 67.23 17.67 46.06 36.27
1983 4.37 2.12 93.92 4.37 40.21 55.42
1984 2.38 4.64 93.34 2.38 52.27 45.34
1985 6.07 6.68 87.57 6.07 36.45 57.48
1986 8.00 2.96 89.37 8.00 40.59 51.41
1987 16.73 1.86 81.69 16.73 30.15 53.11
1988 14.10 2.04 84.13 14.10 29.77 56.13
1989 20.02 5.32 74.89 20.02 27.45 52.53
1990 9.62 4.49 86.13 9.62 31.68 58.69
1991 3.35 2.63 94.27 3.35 33.05 63.60
1992 0.26 4.78 95.24 0.26 32.13 67.61
Notes:

Panel A reports the results of the decomposition of mean square forecast error for each
year ¢ by error type, given by:

1 N, . B _‘ ) o
MSFE = > (g —&)* = (& = 21)" + (1= oy, + (1= o))y
i=1

where N, is the sample size in year ¢, g; is five year earnings growth from January year ¢ to
December year (+4, gj, is the median forecast of g; reported in April of year ¢, g, and g,
are the average values of g and gj,, 3, is the slope coefficient reported in Panel A of Table
2, p; is the correlation coefficient between g; and gj,, and 0’%1 and Jz,/ , are the variances of
gy and g{, The decomposition for the pooled sample is computed over all firms and years.

Panel B reports the results of the decomposition of mean square forecast error for each
year ¢ by the level of aggregation, given by:

N

1 5
MSFE = =3 (g — g7)°

Li=1

Ji N
= (gt_g{)Q + %21: Mt[(gjt_gt) - (E/ﬂ_g{)]g + %lzl:[(git_gjt) _(gz[l_gj//)]Q
7= =

where J; is the number of industries in the sample, N is the number of firms in industry j,
g; and é_’/t are the average values of gy and g in industry j. The decomposition for the
pooled sample is the weighted average of the decompositions for the annual samples, with
weights proportional to the sample size each year. The table reports each of the
components of mean square forecast error as a percentage of total mean square forecast
error.
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individual firms from average industry growth. The results of this
decomposition are reported in Panel B of Table 3. The results
demonstrate that analysts’ forecast inaccuracy derives mainly
from an inability to forecast deviations of individual firm growth
from the average growth rate in its industry. The error in
forecasting deviations of industry growth from the average
growth rate in the economy is also important, but somewhat
smaller than the error in forecasting individual firm growth. In
contrast, analysts’ inability to forecast average earnings growth in
the economy contributes relatively little to their inaccuracy. An
interesting feature of this decomposition is that the proportion
of forecast error generated at the industry level appears to be
diminishing over time, while the proportion generated at the
individual firm level is increasing. This is potentially related to
changes in the methods used by analysts to forecast earnings
growth, or changes in accounting standards.

(vi) The Performance of Analysts’ Forecasts Conditional on Firm and
Forecast Characteristics

The foregoing analysis has considered analysts’ long run earnings
growth forecasts as a homogenous group. However, it is likely
that forecast performance will vary with the characteristics of the
firm whose earnings are being forecast. For instance, one would
expect that firms with highly variable cash flows, or those for
which little information is available about future earnings
prospects, would be associated with lower forecast accuracy.
Additionally, forecast performance is likely to vary with the size of
the forecast itself since the efficiency results indicate that low
forecasts are less overly-optimistic than high forecasts.

In order to investigate this issue, the accuracy, bias and
efficiency results are reproduced for sub-samples of companies,
partitioned on the basis of market capitalisation, price-earnings
ratio, market-to-book ratio and the level of the forecast itself. For
each variable, the sample is sorted into ascending order of the
partitioning variable and split into quintiles, with equal numbers
of firms in each quintile.lo For all the results of this section,
results are reported for quintiles pooled across all years only.

Table 4 presents the results for forecast accuracy, with the
mean square forecast error for each quintile reported in Panel A.
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There is substantial variation in forecast accuracy across market
capitalisation, price-earnings ratio and forecast earnings growth,
while there is no obvious systematic variation in forecast accuracy
across market-to-book. Forecast accuracy increases with market
capitalisation, with forecasts for the quintile of largest firms more
than twice as accurate as those for the quintile of smallest firms.
There is an inverse relationship between forecast accuracy and
price-earnings ratio, with forecasts for the lowest quintile almost
three times as accurate as those for the highest quintile. The
largest variation in forecast accuracy is with the level of the
forecast itself, with low forecasts being five times more accurate
than high forecasts. In all three cases, variation in forecast
accuracy is monotonic (almost monotonic in the case of price-
earnings and forecast size), although it does not appear to be
linear, with the largest differences occurring in the lowest and
highest quintiles.

The results of Panel A show that forecast accuracy varies
substantially with market capitalisation, price-earnings ratio and
the forecast itself. However, these variables are not independent,
and so variation in forecast accuracy with one variable may merely
reflect variation with another. In order to identify the marginal
effects of firm and forecast characteristics on forecast accuracy,
Panel B of Table 4 reports the regression of the squared forecast
error on the natural logarithm of market capitalisation, market-
to-book, price-earnings and forecast earnings growth.
Interestingly, all four variables independently contribute to the
explanation of forecast accuracy, with the most influential, in
terms of statistical significance, being the price-earnings ratio,
followed by the level of the forecast itself. The most accurate
forecasts are therefore low forecasts issued for large companies
with low price-earnings ratios and high market-to-book ratios.
The four variables together explain more than thirteen percent
of the variation in forecast accuracy.

The variation of forecast accuracy with market capitalisation is
not surprising. Information about future earnings prospects is
likely to be more readily available, and of a higher quality, for
larger firms. The variation of forecast accuracy with the forecast
itself is consistent with the results on forecast efficiency. The
inverse relationship between forecast accuracy and price-earnings
ratio is harder to explain, but may be driven by the fact that very
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Table 4

Forecast Accuracy Conditional on Firm and Forecast Characteristics

Panel A: Forecast Accuracy by Firm and Forecast Characteristics

Quintile I~ Quintile 2 Quintile 3 Quintile 4  Quintile 5

(lowest) (highest)
Capitalisation 11.52 8.24 6.35 5.19 4.47
Market-to-Book 7.84 6.51 6.36 7.18 7.88
Price-Earnings 5.30 4.53 5.02 6.13 14.79
Forecast Size 2.77 6.56 5.70 7.46 13.38

Panel B: The Marginal Effect of Firm and Forecast Characteristics on Forecast
Accuracy

Estimated Standard

Coefficient Error
Capitalisation —103.18 (14.39)
Market-to-Book —-17.02 (6.80)
Price-Earnings 24.47 (3.55)
Forecast Growth 42.67 (6.17)
R 0.13

Notes:

Panel A reports the MSFE in percent for each quintile of firm-year observations sorted in
ascending order of market capitalisation, market-to-book ratio, price-earnings ratio and
forecast earnings growth.

Panel B reports the estimated slope coefficients from the regression:

(g — g{,)2 = a; + Bilnmy + Bomby + B pey + 54% + vy

where g is five year earnings growth from January year ¢ to December year ¢ + 4, gz/, is the
median forecast of g; reported in April of year ¢, m; is the market capitalisation of firm in
April of year ¢, mb; is the ratio of market capitalisation of firm 7 in April of year ¢ to the
book value of equity firm in December of year ¢ — 1 and pe; is the ratio of the share price
of firm 7in April of year ¢ to the earnings for the fiscal year ending in December of year
t — 1. Froot-Newey-West adjusted standard errors are reported in parentheses. The
regression is estimated for the sample pooled over all years.

high price-earnings ratios arise partly as a result of very low, but
transitory earnings, the trajectory of which is likely to be difficult
to forecast accurately. The positive relationship between forecast
accuracy and market-to-book ratio is potentially explained by the
fact that high market-to-book companies, ceteris paribus, should
on average have high earnings growth. Since forecast earnings
growth is generally too optimistic, the size of the forecast error
for these companies should on average be lower.
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Table 5 presents the results for forecast bias. Again, there is
strong variation in forecast bias with market capitalisation, price-
earnings ratio and the level of the forecast itself. Consistent with
the results for forecast accuracy reported in Table 4, forecast bias
decreases (in absolute value) with market capitalisation and
increases with forecast size. However, while forecast inaccuracy
increases with price-earnings ratio, forecast bias decreases with
price-earnings ratio, implying that while forecasts become less
biased as the price-earnings ratio increases, they nevertheless
become less accurate. However, this merely implies that the
random component of forecast inaccuracy decreases more
rapidly with price-earnings ratio than does the systematic
component. The largest variation in forecast bias is again with
forecast size, with forecasts in the highest quintile being more
than four times as biased as those in the lowest quintile. This is
consistent with the results on efficiency reported earlier that
demonstrate a significant negative relationship between forecast
error and the level of the forecast. There is some variation in
forecast bias with market-to-book value of equity, although it is
not monotonic across quintiles, and the difference between the
lowest and highest quintile is not large. There is no quintile of
companies for which it can be concluded that analysts’ forecasts
are unbiased.

Panel B reports the results of the regression of forecast error
on market capitalisation, market-to-book value of equity, price
earnings ratio and forecast earnings growth. There is again
independent variation in forecast bias with market capitalisation,
price-earnings ratio and the level of the forecast itself, with the
latter being the strongest factor, statistically speaking. There is no
significant variation with market-to-book. The four variables
together explain about six percent of the variation in forecast
error.

These results are broadly consistent with Frankel and Lee
(1996), who investigate the performance of analysts’ shorter
horizon forecasts in order to operationalise an accounting
valuation model based on book value of equity and the market’s
expectation of earnings growth. They find that analyst over-
optimism is associated with low book-to-price ratio (the inverse of
the market-to-book ratio used in the present analysis) and high
past sales growth. They also find that analyst over-optimism is
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Table 5

Forecast Bias Conditional on Firm and Forecast Characteristics

Panel A: Forecast Bias by Firm and Forecast Characteristics

Quintile I~ Quintile 2 Quintile 3 Quintile 4  Quintile 5

(lowest) (highest)

Capitalisation —12.28 —8.15 -5.99 —5.34 —5.00
(0.87) (0.75) (0.67) (0.60) (0.56)

Market-to-Book —5.32 —6.35 —8.61 —8.08 —8.38
(0.75) (0.68) (0.65) (0.70) (0.73)

Price-Earnings —11.66 —6.87 —7.42 —5.48 —5.32
(0.54) (0.55) (0.58) (0.66) (1.04)

Forecast Size —3.98 —3.56 —5.49 —7.59 —16.12
(0.44) (0.69) (0.64) (0.71) (0.90)

Panel B: The Marginal Effect of Firm and Forecast Characteristics on Forecast
Bias

Estimated Standard

Coefficient Error
Capitalisation 0.76 (0.28)
Market-to-Book 0.05 (0.05)
Price-Earnings 0.23 (0.05)
Forecast Growth —0.93 (0.09)
I 0.06

Notes:

Panel A reports the MFE in percent for each quintile of firm-year observations sorted in
ascending order of market capitalisation, market-to-book ratio, price-earnings ratio and
forecast earnings growth. Standard errors are reported in parentheses.

Panel B reports the estimated slope coefficients from the regression:

(g — g{)Q = a; + Bilnmy + Bamby + B pey + ﬁ4gﬁ + vy

where g is five year earnings growth from January year ¢ to December year ¢ + 4, g;, is the
median forecast of g; reported in April of year ¢, m; is the market capitalisation of firm in
April of year ¢, mb; is the ratio of market capitalisation of firm 7 in April of year ¢ to the
book value of equity firm in December of year ¢ — 1 and pe; is the ratio of the share price
of firm 7in April of year ¢ to the earnings for the fiscal year ending in December of year
t — 1. Froot-Newey-West adjusted standard errors are reported in parentheses. The
regression is estimated for the sample pooled over all years.

associated with forecasts that are high relative to the current level
of earnings (i.e. optimistic forecasts). Since forecast earnings
growth and actual earnings growth are largely uncorrelated in
the present sample, this is consistent with the finding reported
above that analyst over-optimism is associated with high forecast
earnings growth.
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Table 6

Forecast Efficiency Conditional on Firm and Forecast Characteristics

Panel A: Forecast Efficiency by Firm and Forecast Characteristics

Quintile 1~ Quintile 2 Quintile 3 Quintile 4 Quintile 5

(lowest) (highest)
Capitalisation 0.01 0.25 0.12 0.56 1.15
(0.10) (0.09) (0.09) (0.12) (0.13)
Market-to-Book 0.05 0.01 0.00 —0.08 0.28
(0.14) (0.12) (0.11) (0.11) (0.09)
Price-Earnings —0.31 0.24 0.08 —0.04 —0.21
(0.09) (0.10) (0.11) (0.12) (0.11)
Forecast Size 0.84 0.59 0.57 0.60 —0.11
(0.26) (0.86) (0.98) (0.84) (0.13)

Panel B: The Marginal Effect of Firm and Forecast Characteristics on Forecast
Efficiency

Estimated Standard

Coefficient Error
Capitalisation 3.87 (2.30)
Market-to-Book 1.99 (1.14)
Price-Earnings 0.12 (0.63)
Forecast Growth —12.47 (2.31)
I 0.11
Notes:

Panel A reports the estimate of 3 in the regression g; = o, + Bg,ft + u; for each quintile of
firm-year observations sorted in ascending order of market capitalisation, market-to-book
ratio, price-earnings ratio and forecast earnings growth. Froot-Newey-West adjusted
standard errors are reported in parentheses.

Panel B reports the estimated slope coefficients from the regression:

(g — )l —7) — (& — 2] = + Bilmy + Bomby + Bspeic + Bagl, + vi

where g is five year earnings growth from January year ¢ to December year ¢ + 4, g;, is the
median forecast of g; reported in April of year ¢, m; is the market capitalisation of firm iin
April of year t, mb; is the ratio of market capitalisation of firm 7 in April of year ¢ to the
book value of equity firm 7in December of year ¢ — 1 and pe; is the ratio of the share price
of firm ¢ in April of year ¢ to the earnings for the fiscal year ending in December of year
t — 1. Froot-Newey-West adjusted standard errors are reported in parentheses. The
regression is estimated for the sample pooled over all years.

Table 6 presents the results for forecast efficiency. Panel A
reveals that there is considerable variation in forecast efficiency
across both market capitalisation and the level of the forecast,
with some variation across market-to-book. The estimated slope
parameter, (3, is close to zero for the quintile of smallest firms,
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and rises monotonically with firm size. For the quintile of largest
firms, the efficiency condition that 3 = 1 cannot be rejected. The
estimated slope parameter decreases with the level of forecast,
and for the quintile of firms with the lowest forecasts, the null
hypothesis that 3 =1 cannot be rejected either. There is no
systematic variation with price-earnings ratio. The most efficient
forecasts are therefore low forecasts for large firms with high
market-to-book ratios.

Panel B of Table 6 reports the marginal contribution of each of
the independent variables to forecast efficiency. Consistent with
results of Panel A, there is positive independent variation in
forecast efficiency with market capitalisation and market-to-book
ratio, although the significance is marginal. Also consistent with
the quintile results, the relationship between forecast efficiency
and forecast growth is very significantly negative. There is no
significant variation in forecast efficiency with price-earnings
ratio. The four variables together explain eleven percent of the
variation in forecast efficiency.

5. SUMMARY AND CONCLUSIONS

This paper has undertaken a detailed study of the accuracy, bias
and efficiency of analysts’ forecasts of long run earnings growth
for US companies. The results of the paper can be summarised as
follows.

(i) The accuracy of analysts’ long run earnings growth fore-
casts is extremely low. Superior forecasts can be achieved
simply by assuming that long run earnings growth is zero.

(i) Analysts’ forecasts are excessively optimistic. Forecast
earnings growth, on average, exceeds actual earnings
growth by about seven percent per annum.

(iii) Analysts’ forecasts are weakly inefficient. Forecast errors are
not independent of the forecasts themselves. In particular,
high forecasts are associated with high forecast errors, while
low forecasts are associated with low forecast errors.

(iv) Analysts’ forecasts do not incorporate all information
contained in current share prices. A superior forecast can
be obtained by assuming that each firm’s earnings will
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evolve in such a way that its price-earnings ratio will
converge to the current market-wide price-earnings ratio.
Despite the bias and inefficiency identified in (ii) and (iii)
above, the systematic components of analysts’ forecast
errors contribute relatively little to their inaccuracy. More
than eighty-eight percent of the mean square forecast error
is random. This is an important result for the users of
analysts’ long run earnings growth forecasts, since it means
that the accuracy of analysts’ forecasts cannot be signifi-
cantly improved using linear correction techniques.

The largest part of analysts’ forecast error is made at the
individual firm level. The inability of analysts to forecast
average earnings growth in the economy does not
contribute substantially to their inaccuracy. However, there
is evidence that the level of aggregation at which analysts’
errors are being made is changing over time, with
increasing accuracy at the industry level, and decreasing
accuracy at the individual firm level.

There is significant heterogeneity in the performance of
analysts’ forecasts. The most reliable earnings growth fore-
casts are low forecasts issued for large companies with low
price-earnings and high market-to-book ratios. The least
biased forecasts are those for low forecasts for companies
with low price-earnings ratios, while the most efficient
forecasts are low forecasts for large companies with high
market-to-book ratios. This is again an important result for
the users of analysts’ forecasts since it offers some oppor-
tunity to discriminate between good and bad forecasts.
There is very little evidence to suggest that the inaccuracy,
bias or inefficiency of analyst’ forecasts have diminished
over time.

The idea that analysts systematically make over-optimistic
forecasts, is not necessarily an indictment of their rationality per
se since they may have considerable incentives to do so. An
earnings growth forecast is not generally the final product
delivered by an analyst to the client. In particular, earnings
growth forecasts will be typically provided as part of a package of
services, including brokerage, advice on mergers and acqui-
sitions, and underwriting, and these related activities may
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influence the forecasts that an analyst makes (see Schipper,
1991). Sell-side analysts, for instance, have a vested interest in
their clients’ reaction to earnings forecasts. If earnings forecasts
are used to support stock recommendations then high forecasts
will tend to generate more business than low forecasts, since
there is a larger potential client base for buy recommendations
than for sell recommendations. Francis and Philbrick (1993)
provide evidence that suggests that analysts may be intentionally
over-optimistic in order to cultivate and maintain good
management relations.

The decomposition of mean square forecast error by error type
revealed that by far the largest component of analysts” forecast
errors is random, with the systematic component accounting for
less than twelve percent. Inevitably, at such long forecasting
horizons, the potential to make accurate forecasts of earnings
growth is limited. However, the fact that such a large component
of actual earnings growth is random may explain why analysts’
forecasts are so biased. The larger the component of the forecast
error that is random, the lower the impact of forecast bias on
forecast error. Assuming that analysts do have conflicting
objectives — one to produce accurate earnings growth forecasts,
the other to produce high earnings growth forecasts — then if
analysts know that the first objective is largely unattainable, they
will use the forecasting process to satisfy the second. If analysts
are also producing short term and interim forecasts for the same
company, then the bias in their long term forecasts may be
compounded.

A number of papers have now concluded that there is
substantial mis-pricing in the stock market as a consequence of
irrational long run earnings growth forecasts being incorporated
into the market expectation of earnings growth. The results of
this paper support the hypothesis that analysts’ consensus long
run earnings growth forecasts are indeed irrational if they are to
be interpreted as optimal forecasts of future earnings growth.
However, given the uncertainty over analysts’ incentives, it is by
no means inevitable that these forecasts will be incorporated
without modification into the market expectation of earnings
growth. An interesting topic for future research will be to
examine to what extent the market recognises the characteristics
in forecast long run earnings growth identified in this paper.
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NOTES

1 A partial list would include Brown and Rozeff (1978), Brown et al. (1987a
and 1987b) and O’Brien (1988) who consider the performance of analysts’
quarterly earnings forecasts, and Collins and Hopwood (1980), Fried and
Givoly (1982) and Brown et al. (1985), who consider analysts’ annual
forecasts. International evidence on analysts’ forecasts is provided by
Capstaff et al. (1995), who analyse the performance of UK analysts, and
Capstaff et al. (1998), who consider the forecasts of European analysts. For a
comprehensive survey of the literature on analysts’ earnings forecasts, see
Brown (1993).

2 This was confirmed in conversation with IBES staff.

3 The correlation between the mean and the median forecast in the sample is
0.98. This is accounted for by the fact that most stocks have long term
forecasts originating from only one or two analysts.

4 IBES have confirmed that they do receive earnings growth forecasts for
companies whose earnings are currently negative. This may be explained by
the fact that while analysts use the latest reported earnings as a base for
earnings growth when earnings are positive, they use some other
unspecified base measure of earnings, such as forecast annual earnings or
average historical annual earnings, when earnings are negative.

5 In order to establish the robustness of the results, the analysis was
conducted using maximum earnings growth threshold values in the range
50% to 1,000%, and by trimming the sample instead on the basis of initial
earnings per share, using a minimum earnings threshold of between 0.10
and 1.00 dollars. The sensitivity of the results to changes in the threshold
values was low, and none of the qualitative conclusions were altered. The
regressions were additionally estimated using the minimum absolute
deviation estimator, which is considerably less sensitive to outliers. This
produced results that were almost completely invariant with respect to the
choice threshold values. As a further test of the robustness of the results, the
analysis was conducted using the change in earnings scaled by price, with
the corresponding forecast change in earnings computed using the forecast
growth rate. The results of these robustness tests are not reported here, but
are available from the author on request.

6 The average growth rate is taken over all firms for which earnings data are
available, using the same sample selection criteria as for subsequent
earnings growth, namely excluding observations for which earnings are
negative at the beginning of the five year period, and those for which the
calculated growth rate exceeds 100% in absolute value.

7 This can be seen by subtracting forecast earnings growth, g;,, from each side
so that the regression becomes one of forecast error on forecast earnings
growth — the constant remains the same while the slope parameter
becomes —1.

8 Taking the conditional expectation of equations (10) and (11) gives the
mean square forecast error and the mean forecast error, respectively, as a
function of the independent variables. Regressions (10) and (11) thus
measure the marginal contribution of each of the independent variables to
forecast accuracy and forecast bias. Taking the conditional expectation of
equation (12) gives the covariance between (g; — g;) and gj, as a function of
the independent variables. This covariance is the numerator of the

estimated slope coefficient in a regression of gy — g{t on g{t Under the
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null hypothesis that forecasts are weakly efficient, this covariance should be
equal to zero. If it is less than zero, forecasts are too extreme, while if it is
greater than zero, forecasts are too compressed. Regression (12) thus
measures the marginal contribution of each of the independent variables to
forecast efficiency.

9 See, for example, Brown et al. (1987a) and O’Brien (1988), who consider
the accuracy of analysts’ quarterly earnings forecasts relative to the forecasts
of different time series models, and Fried and Givoly (1982), who consider
the relative accuracy of analysts’ annual earnings forecasts.

10 Except for the largest quintile, which has an additional observation.
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The Market Risk Premium: Expectational Estimates
Using Analysts’ Forecasts

Abstract

We use expectational data from financial analysts to estimate a market risk premium for
U.S. stocks. Using the SP500 as a proxy for the market portfolio, we find an average market risk
premium of 7.14% above yields on long-term U.S. government bonds over the period 1982-
1998. We also find that this risk premium varies over time and that much of this variation can be
explained by either the level of interest rates or readily available forward-looking proxies for
risk. The market risk premium appears to move inversely with government interest rates
suggesting that required returns on stocks are more stable than interest rates themselves.



The Market Risk Premium: Expectational Estimates
Using Analysts’ Forecasts

The notion of a market risk premium (the spread between investor required returns on
safe and average risk assets) has long played a central role in finance. It is a key factor in asset
allocation decisions to determine the portfolio mix of debt and equity instruments. Moreover,
the market risk premium plays a critical role in the Capital Asset Pricing Model (CAPM),
practitioners most widely used means of estimating equity hurdle rates. In recent years, the
practical significance of estimating such a market premium has increased as firms, financial
analysts and investors employ financial frameworks to analyze corporate and investment
performance. For instance, the increased use of Economic Value Added to assess corporate
performance has provided a new impetus for estimating capital costs.

The most prevalent approach to estimating the market risk premium relies on some
average of the historical spread between returns on stocks and bonds.! This choice has some
appealing characteristics but is subject to many arbitrary assumptions such as the relevant period
for taking an average. Compounding the difficulty of using historical returns is the well noted
fact that standard models of consumer choice would predict much lower spreads between equity
and debt returns than have occurred in U.S. markets—the so called equity premium puzzle (see
Welch (1998), Siegel and Thaler (1997)). In addition, theory calls for a forward looking risk

premium that could well change over time.

! Bruner, Eades, Harris and Higgins (1998) provide survey evidence on both textbook advice and practitioner
methods for estimating capital costs. Despite substantial empirical assault, the CAPM continues to play a major role
in applied finance. As testament to the market for cost of capital estimates Ibbotson Associates (1998) publishes a

“Cost of Capital Quarterly.”



This paper takes an alternate approach by using expectational data to estimate the market
risk premium. The approach has two major advantages for practitioners. First, it provides an
independent estimate which can be compared to historical averages. At a minimum, this can
help in understanding likely ranges for risk premia. Second, expectational data allow
investigation of changes in risk premia over time. Such time variations in risk premia serve as
important signals from investors that should affect a host of financial decisions.

The paper updates and extends earlier work (Harris (1986), Harris and Marston (1992))
which incorporates financial analysts' forecasts of corporate earnings growth. Updating through
1998 provides an opportunity to see whether changes in the risk premium are in part responsible
for the run up in share prices in the bull market. In addition, we provide new tests of whether
changes in risk premia over time are linked to forward-looking measures of risk. Specifically,
we look at the relationship between the risk premium and four ex-ante measures of risk: the
spread between yields on corporate and government bonds, consumer sentiment about future
economic conditions, the average level of dispersion across analysts as they forecast corporate
earnings and the implied volatility on the SP500 Index derived from options data.

Section I provides background on the estimation of equity required returns and a brief
discussion of current practice in estimating the market risk premium. In Section II, models and
data are discussed. Following a comparison of the results to historical returns in Section III, we
examine the time-series characteristics of the estimated market premium in Section IV. Finally,
conclusions are offered in Section V.

L Background

The notion of a “market” required rate of return is a convenient and widely used
construct. Such a rate (k) is the minimum level of expected return necessary to compensate
investors for bearing the average risk of equity investments and receiving dollars in the future

rather than in the present. In general, £ will depend on returns available on alternative



investments (e.g., bonds). To isolate the effects of risk, it is useful to work in terms of a market
risk premium (rp), defined as

rp =k—i, ey
where i = required return for a zero risk investment.

Lacking a superior alternative, investigators often use averages of historical realizations
to estimate a market risk premium. Bruner et al. (1998) provide recent survey results on best
practices by corporations and financial advisors. While almost all respondents used some
average of past data in estimating a market risk premium, a wide range of approaches emerged.
“While most of our 27 sample companies appear to use a 60+- year historical period to estimate
returns, one cited a window of less than ten years, two cited windows of about ten years, one
began averaging with 1960, and another with 1952 data” (p. 22). Some used arithmetic averages
and some geometric. This historical approach requires the assumptions that past realizations are a
good surrogate for future expectations and, as typically applied, that the risk premium is constant
over time. Carleton and Lakonishok (1985) demonstrate empirically some of the problems with
such historical premia when they are dissaggregated for different time periods or groups of firms.
As Bruner et al (1998) point out, few respondents cited use of expectational data to supplement
or replace historical returns in estimating the market premium.

Survey evidence also shows substantial variation in empirical estimates. When
respondents gave a precise estimate of the market premium, they cited figures from 4 to over 7
percent (Bruner ef al 1998). A quote from a survey respondent highlights the range in practice.
“In 1993, we polled various investment banks and academic studies on the issue as to the
appropriate rate and got anywhere between 2 and 8%, but most were between 6 and 7.4%.”
(Bruner et al 1998, p. 23). An informal sampling of current practice also reveals large differences
in assumptions about an appropriate market premium. For instance, in a 1999 application of

EVA analysis, Goldman Sachs Investment Research specifies a market risk premium of “3%



from 1994-1997 and 3.5% from 1998-1999E for the S&P Industrials” (Goldman Sachs (1999, p.
59)). At the same time an April 1999 phone call to Stern Stewart revealed that their own
application of EVA typically employed a market risk premium of 6%. In its application of the
CAPM, Ibbotson Associates (1998) uses a market risk premium of 7.8%. Not surprisingly,
academics don’t agree on risk premium either. Welch (1998) surveyed leading financial
economists at major universities. For a 30-year horizon, he found a mean risk premium of
6.12% but a range from 2% to 9% with an interquartile range of 2% (based on 104 responses).

To provide additional insight on estimates of the market premium, we use publicly
available expectational data. This expectational approach employs the dividend growth model
(hereafter referred to as the discounted cash flow or DCF model) in which a consensus measure
of financial analysts’ forecasts (FAF) of earnings is used as a proxy for investor expectations.
Earlier works by Malkiel (1982), Brigham, Vinson, and Shome (1985), Harris (1986) and Harris
and Marston (1992) have used FAF in DCF models?.
IL. Models and Data

We employ the simplest and most commonly used version of the DCF model to estimate

shareholders’ required rate of return, £, as shown in Equation (2):
D
k = L + . 2
[P 0 J s @

where D = dividend per share expected to be received at time one, Py = current price per share

(time 0), and g = expected growth rate in dividends per share®. A primary difficulty in using the

? Ibbotson Associates (1998) use a variant of the DCF model with forward-looking growth rates as one means to
estimate cost of equity; however, they do this as a separate technique and not as part of the CAPM. For their CAPM
estimates they use historical averages for the market risk premium. The DCF approach with analysts’ forecasts has
been used frequently in regulatory settings.

3 Our methods follow Harris (1986) and Harris and Marston (1992) who provide an overview of earlier research and
a detailed discussion of the approach employed here. For instance, theoretically, i is a risk-free rate, though
empirically its proxy (e.g., yield to maturity on a government bond) is only a “least risk” alternative that is itself
subject to risk. They also discuss single versus multistage growth discounted cash flow models and procedures used
in calculating the expected dividend yield. While the model calls for expected growth in dividends, in the long run,
dividend growth is sustainable only via growth in earnings. As long as payout ratios are not expected to change, the
two growth rates will be the same.



DCF model is obtaining an estimate of g, since it should reflect market expectations of future
performance. This paper uses published FAF of long-run growth in earnings as a proxy for g.
Equation (2) can be applied for an individual stock or any portfolio of companies. We focus
primarily on its application to estimate a market premium as proxied by the SP500.

FAF come from IBES Inc. The mean value of individual analysts’ forecasts of five-year
growth rate in EPS is used as our estimate of g in the DCF model. The five-year horizon is the
longest horizon over which such forecasts are available from IBES and often is the longest
horizon used by analysts. IBES requests “normalized” five-year growth rates from analysts in
order to remove short-term distortions that might stem from using an unusually high or low
earnings year as a base. Growth rates are available on a monthly basis.

Dividend and other firm-specific information come from COMPUSTAT. D is estimated
as the current indicated annual dividend times (1+g). Interest rates (both government and
corporate) are gathered from Federal Reserve Bulletins and Moody’s Bond Record. Table 1
describes key variables used in the study. Data are collected for all stocks in the Standard &
Poor’s 500 stock (SP500) index followed by IBES. Since five-year growth rates are first
available from IBES beginning in 1982, the analysis covers the period from January 1982-
December 1998.

We generally adopt the same approach as used in Harris and Marston (1992). For each
month, a market required rate of return is calculated using each dividend paying stock in the
SP500 index for which data are available. As additional screens for reliability of data, in a given
month we eliminate a firm if there are fewer than three analysts’ forecasts or if the standard
deviation around the mean forecast exceeds 20%. Combined these two screens eliminate fewer
than 20 stocks a month. Later we report on the sensitivity of our results to various screens. The

DCF model in Equation (2) is applied to each stock and the results weighted by market value of



equity to produce the market-required return.* The risk premium is constructed by subtracting
the interest rate on government bonds.

For short-term horizons (quarterly and annual), past research (Brown, 1993) finds that on
average analysts’ forecasts are overly optimistic compared to realizations. However, recent
research on quarterly horizons (Brown, 1997) suggests that analysts' forecasts for SP500 firms
do not have an optimistic bias for the period 1993-1996. There is very little research on the
properties of five-year growth forecasts, as opposed to shorter horizon predictions.5 Any
analysts' optimism is not necessarily a problem for our analysis. If investors share analysts’
views, our procedures will still yield unbiased estimates of required returns and risk premia. In
light of the possible bias, however, we interpret our estimates as “upper bounds” for the market
premium.

To broaden our exploration, we tap four very different sources to create ex ante measures
of equity risk at the market level. The first proxy comes from the bond market and is calculated
as the spread between corporate and government bond yields (BSPREAD). The rationale is that
increases in this spread signal investors’ perceptions of increased riskiness of corporate activity
that would be translated to both debt and equity owners. The second measure, CON, is the
consumer confidence index reported by the Conference Board at the end of the month. While
the reported index tends to be around 100, we rescale CON as the actual index divided by 100.

We also examined use of CON as of the end of the prior month; however, in regression analysis

* We weighted 1998 results by year-end 1997 market values since our monthly data on market value did not extend
through this period. Since we did not have data on firm-specific dividend yields for the last four months of 1998, we
estimated the market dividend yield for these months using the dividend yield reported in the Wall Street Journal
scaled by the average ratio of this figure to the dividend yield for our sample as calculated in the first eight months
of 1998. We then made adjustments using growth rates from IBES to calculate the market required return. We also
estimated results using an average dividend yield for the month which employed the average of the price at the end
of the current and prior months. These average dividend yield measures led to essentially the same regression
coefficients as those reported later in the paper but introduced significant serial correlation in some regressions
(Durbin-Watson statistics significantly different from 2.0 at the .01 level).

> To our knowledge, the only studies of possible bias in analysts’ five-year growth rates are Boebel (1991) and
Boebel, Harris and Gultekin (1993). They both find evidence of optimism in IBES growth forecasts. In the most
thorough study to date, Boebel (1991) reports that this bias seems to be getting smaller over time. His forecast data
do not extend into the 1990’s.



this lagged measure was generally not statistically significant in explaining the level of the
market risk premium®. The third measure, DISP, measures the dispersion of analysts’ forecasts.
Such analyst disagreement should be positively related to perceived risk since higher levels of
uncertainty would likely generate a wider distribution of earnings forecasts for a given firm.
DISP is calculated as the equally weighted average of firm-specific standard deviations for each
stock in the SP500 covered by IBES. The firm-specific standard deviation is calculated based on
the dispersion of individual analysts’ growth forecasts around the mean of individual forecasts
for that company in that month. Our final measure, VOL, is the implied volatility on the SP500
index. As of the beginning of the month, we use a dividend adjusted Black Scholes Formula to
estimate the implied volatility in the SP500 index option contract which expires on the third
Friday of the month. The call premium, exercise price and the level of the SP500 index are taken
from the Wall Street Journal and treasury yields come from the Federal Reserve. Dividend yield
comes from DRI. We use the option contract that is closest to being at the money.
III.  Estimates of the Market Premium

Table 2 reports both required returns and risk premia by year (averages of monthly data).
The results are quite consistent with the patterns reported earlier (e.g., Harris and Marston,
1992). The estimated risk premia ére positive, consistent with equity owners demanding
additional rewards over and above returns on debt securities. The average expectational risk
premium (1982 to 1998) over government bonds is 7.14%, slightly higher than the 6.47%
average for 1982 to 1991 reported earlier (Harris and Marston, 1992). For comparison purposes,

Table 3 contains historical returns and risk premia. The average expectational risk premium

¢ We examined two other proxies for Consumer Confidence. The Conference Board’s Consumer Expectations
Index yielded essentially the same results as those reported. The University of Michigan’s Consumer Sentiment
Indices tended to be less significantly linked to the market risk premium though coefficients were still negative.



reported in Table 2 is approximately equal to the arithmetic (7.5%) long-term differential
between returns on stocks and long-term government bonds.’

Table 2 shows the estimated risk premium changes over time, suggesting changes in the
market's perception of the incremental risk of investing in equity rather than debt securities.
Scanning the next to last column of Table 2, the risk premium is higher in the 1990’s than earlier
and especially so in late 1997 and 1998. Our DCF results provide no evidence to support the
notion of a declining risk premium in the 1990’s as a driver of the strong run up in equity prices.

A striking feature in Table 2 is the relative stability of our estimates of k. After dropping
(along with interest rates) in the early and mid-1980’s, the average annual value of & has
remained within a 75 basis point range around 15 percent for over a decade. Moreover, this
stability arises despite some variability in the underlying dividend yield and growth components
of k as Table 2 illustrates. The results suggest that & is more stable than government interest
rates. Such relative stability of & translates into parallel changes in the market risk premium. In
a subsequent section, we examine whether changes in our market risk premium estimates appear
linked to interest rate conditions and a number of proxies for risk®.

We explored the sensitivity of our results to our screening procedures in selecting
companies. Our reported results screen out all non-dividend paying stocks on the premise that
use of the DCF model is inappropriate in such cases. The dividend screen eliminates an average
of 55 companies per month. In a given month, we also screen out firms with fewer than three
analysts’ forecasts, or if the standard deviation around the mean forecast exceeds 20%. When

we repeated our analysis without any of the screens, the average risk premium over the sample

" Interestingly, for the 1982-1996 period the arithmetic spread between large company stocks and long-term
government bonds was only 3.3% per year. The downward trend in interest rates resulted in average annual returns
of 14.1% on long-term government bonds over this horizon. Some (e.g., Ibbotson, 1997) argue that only the income
(not total) return on bonds should be subtracted in calculating risk premia.

8 Although our focus is on the market risk premium, in earlier work (Harris and Marston (1992), Marston, Harris
and Crawford (1993)), we examined the cross-sectional link between expectational equity risk premia at the firm
level and beta and found a significant positive correlation. For comparative purposes, we replicated and updated that



period increased by only 40 basis points, from 7.14% to 7.54%. We also estimated the beta of
our sample firms and found the sample average to be one, suggesting that our screens do not
systematically remove low or high-risk firms. Specifically, using firms in our screened sample
as of December 1997 (the last date for which we had CRSP return data), we used ordinary least
squares regressions to estimate beta for each stock using the prior sixty months of data and the
CRSP return (SPRTRN) as the market index. The value-weighted average of the individual
betas was 1.00.

In the results reported here we use firms in the SP500 as reported by COMPUSTAT in
September 1998 which could create a survivorship bias, especially in the earlier months of our
sample. We compared our current results to those obtained in our earlier work (Harris and
Marston (1992)) for which we had data to update the SP500 composition each month. For the
overlapping period, January 1982-May 1991 the two procedures yield the same average market
risk premium, 6.47%. This suggests that the firms departing from or entering the SP500 index
do so for a number of reasons with no discernable effect on the overall estimated SP500 market
risk premium.

IV.  Changes in the Market Risk Premium Over Time

With changes in the economy and financial markets, equity investments may be
perceived to change in risk. For instance, investor sentiment about future business conditions
likely affects attitudes about the riskiness of equity investments compared to investments in the
bond markets. Moreover, since bonds are risky investments themselves, equity risk premia
(relative to bonds) could change due to changes in perceived riskiness of bonds, even if equities
displayed no shifts in risk.

In earlier work covering the 1982-1991 period, Harris and Marston (1992) reported

regression results indicating that the market premium decreased with the level of government

analysis through 1998 and reached very similar conclusions. At the firm level our expectational estimates of risk
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interest rates and increased with the spread between corporate and government bond yields
(BSPREAD). This bond yield spread was interpreted as a time series proxy for equity risk. We
introduce three additional ex ante measures of risk shown in Table 1: CON, DISP and VOL.
The three measures come from three independent sets of data and are supplied by different
agents in the economy (consumers, equity analysts and investors (via option and share price
data)). Table 4 provides summary data on all four of our risk measures.

Table 5 replicates and updates earlier analysis.” The results confirm the earlier patterns.
For the entire sample period, Panel A shows that risk premia are negatively related to interest
rates. This negative relationship is also true for both the 1980°s and 1990’s as displayed in
Panels B and C. For the entire 1982 to 1998 period, the addition of the yield spread risk proxy to
the regressions lowers the magnitude of the coefficient on government bond yields, as can be
seen by comparing Equations 1 and 2 of Panel A. Furthermore, the coefficient of the yield
spread (0.487) is itself significantly positive. This pattern suggests that a reduction in the risk
differential between investment in government bonds and in corporate activity is translated into a
lower equity market risk premium.

In major respects, the results in Table 5 parallel earlier findings. The market risk
premium changes over time and appears inversely related to government interest rates but
positively related to the bond yield spread, which proxies for the incremental risk of investing in
equities as opposed to government bonds. One striking feature is the large negative coefficients
on government bond yields. The coefficients indicate the equity risk premium declines by over

70 basis points for a 100 basis point increase in government interest rates.'® This inverse

premia are significantly positively correlated to beta.

? OLS regressions with levels of variables generally showed severe autocorrelation. As a result, we used the Prais-
Winsten method (on levels of variables) and also OLS regressions on first differences of variables. Since both
methods yielded similar results and the latter had more stable coefficients across specifications, we report only the
results using first differences. Tests using Durbin-Watson statistics from regressions in Tables 5 and 6 do not accept
the hypothesis of autocorrelated errors (tests at .01 significance level, see Johnston 1984, pp. 321-325).

' The Table 5 coefficients on i are significantly different from —1. 0 suggesting that equity required returns do
respond to interest rate changes. However, the large negative coefficients imply only minor adjustments of required
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relationship suggests much greater stability in equity required returns than is often assumed. For
instance, standard application of the CAPM suggests a one-to-one change in equity returns and
government bond yields.

Table 6 introduces three additional proxies for risk and explores whether these variables,
either individually or collectively, are correlated with the market premium. Since our estimates
of implied volatility start in May 1986, the table shows results for both the entire sample period
and for the period during which we can introduce all variables. Entered individually each of the
three variables is significantly linked to the risk premium with the coefficient having the
expected sign. For instance, in regression (1) the coefficient on CON is -.014 which is
significantly different from zero (t =-3.50). The negative coefficient signals that higher
consumer confidence is linked to a lower market premium. The positive coefficients on VOL
and DISP indicate the equity risk premium increases with both market volatility and
disagreement among analysts. The effects of the three variables appear largely unaffected by
adding other variables. For instance, in regression (4) the coefficients on CON and DISP both
remain significant and are similar in magnitude to the coefficients in single variable regressions.

Even in the presence of the new risk variables, Table 6 shows that the market risk
premium is affected by interest rate conditions. The large negative coefficient on government
bond rates implies large reductions in the equity premium as interest rates rise. One feature of
our data may contribute to the observed negative relationship between the market risk premium
and the level of interest rates. Specifically, if analysts are slow to report updates in their growth
forecasts, changes in our estimated £ would not adjust fully with changes in the interest rate even
if the true risk premium were constant. To address the impact of “stickiness” in the measurement

of k, we formed “quarterly” measures of the risk premium which treat & as an average over the

returns to interest rate changes since the risk premium declines. In earlier work (Harris and Marston (1991)) the
coefficient was significantly negative but not as large in absolute value. In that earlier work we reported results
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quarter. Specifically, we take the value of % at the end of a quarter and subtract from it the
average value of i for the months ending when £ is measured. For instance, to form the risk
premium for March 1998 we take the March value of k£ and subtract the average value of i for
January, February and March. This approach assumes that in March £ still reflects values of g
that have not been updated from the prior two months. We then pair our quarterly measure of
risk premium with the average values of the other variables for the quarter. For instance, the
March 1998 “quarterly” risk premium would be paired with averaged values of BSPREAD over
the January through March period. To avoid overlapping observations for the independent
variables, we use only every third month (March, June, September, December) in the sample.

As reported in Table 7, sensitivity analysis using “quarterly” observations suggests that
delays in updating may be responsible for a portion, but not all, of the observed negative
relationship between the market premium and interest rates. For example, when we use quarterly
observations the coefficient on i in regression (2) of Table 7 is -.527, well below the earlier
estimates but still significantly negative'.

As an additional test, we look at movements in the bond risk premium (BSPREAD).
Since BSPREAD is constructed directly from bond yield data it does not have the potential for
reporting lags that may affect analysts’ growth forecasts. Regression 3 in Table 7 shows
BSPREAD is negatively linked to government rates and significantly so'2. While the equity
premium need not move in the same pattern as the corporate bond premium, the negative
coefficient on BSPREAD suggests that our earlier results are not due solely to “stickiness” in

measurements of market required returns.

using the Prais-Winsten estimators. When we use that estimation technique and recreate the second regression in
Table 5, the coefficient for i is -.584 (¢ = 12.23) for the entire sample period 1982-1998.

! Sensitivity analysis for the 1982-1989 and 1990-1998 subperiods yields results similar to those reported.

12 We thank Bob Conroy for suggesting use of BSPREAD. Regression 3 in Table 7 appears to have autocorrelated
errors: the Durbin-Watson (DW) statistic rejects the hypothesis of no autocorrelation. However, in subperiod
analysis, the DW statistic for the 1990-98 period is consistent with no autocorrelation and the coefficient on i is
essentially the same (-.24, ¢ = -8.05) as reported in Table 7.
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The results in Table 7 suggest that the inverse relationship between interest rates and the
market risk premium may not be as pronounced as suggested in earlier tables. Still, there
appears to be a significant negative link between the equity risk premium and government
interest rates. The quarterly results in Table 7 would suggest about a 50 basis point change in
risk premium for each 100 basis point movement in interest rates.

Overall, our ex ante estimates of the market risk premium are significantly linked to ex
ante proxies for risk. Such a link suggests that investors modify their required returns in
response to perceived changes in the environment. The findings provide some comfort that our
risk premium estimates are capturing, at least in part, underlying economic changes in the
economic environment. Moreover, each of the risk measures appears to contain relevant
information for investors. The market risk premium is negatively related to the level of
consumer confidence and positively linked to interest rate spreads between corporate and
government debt, disagreement among analysts in their forecasts of earnings growth and the
implied volatility of equity returns as revealed in options data.

II. Conclusions

Shareholder required rates of return and risk premia are based on theories about
investors’ expectations for the future. In practice, however, risk premia are typically estimated
using averages of historical returns. This paper applies an alternate approach to estimating risk
premia that employs publicly available expectational data. The resultant average market equity
risk premium over government bonds is comparable in magnitude to long-term differences (1926
to 1998) in historical returns between stocks and bonds. As a result, our evidence does not
resolve the equity premium puzzle; rather, our results suggest investors still expect to receive
large spreads to invest in equity versus debt instruments.

There is strong evidence, however, that the market risk premium changes over time.

Moreover, these changes appear linked to the level of interest rates as well as ex ante proxies for
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risk drawn from interest rate spreads in the bond market, consumer confidence in future
economic conditions, disagreement among financial analysts in their forecasts and the volatility
of equity returns implied by options data. The significant economic links between the market
premium and a wide array of risk variables suggests that the notion of a constant risk premium
over time is not an adequate explanation of pricing in equity versus debt markets.

Our results héve implications for practice. First, at least on average, our estimates
suggest a market premium roughly comparable to long-term historical spreads in returns between
stocks and bonds. Our conjecture is that, if anything, our estimates are on the high side and thus
establish an upper bound on the market premium. Second, our results suggest that use of a
constant risk premium will not fully capture changes in investor return requirements. As a
specific example, our findings indicate that common application of models such as the CAPM
will overstate changes in shareholder return requirements when government interest rates
change. Rather than a one-for-one change with interest rates implied by use of constant risk
premium, our results indicate that equity required returns for average risk stocks likely change by
half (or less) of the change in interest rates. However, the picture is considerably more
complicated as shown by the linkages between the risk premium and other attributes of risk.

Ultimately, our research does not resolve the answer to the question “What is the right
market risk premium?” Perhaps more importantly, our work suggests that the answer is
conditional on a number of features in the economy—not an absolute. We hope that future
research will harness ex ante data to provide additional guidance to best practice in using a

market premium to improve financial decisions.
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Table 1. Variable Definitions

Py

D,

rp
BSPREAD

CON

DISP

VOL

Equity required rate return.
Price per share.

Expected dividend per share measured as current indicated annual
dividend from COMPUSTAT multiplied by (1 + g).

Average financial analysts’ forecast of five-year growth rate in earnings
per share (from IBES).

Yield to maturity on long-term U.S. government obligations (source:
Federal Reserve, 30-year constant maturity series).

Equity risk premium calculated as rp = k—i.
spread between yields on corporate and government bonds, BSPREAD =
yield to maturity on long-term corporate bonds (Moody’s average across

bond rating categories) minus i.

Monthly consumer confidence index reported by the Conference Board
(divided by 100).

Dispersion of analysts’ forecasts at the market level.

Volatility for the SP500 index as implied by options data.




Table 2.
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Bond Market Yields, Equity Required Return, and Equity Risk Premium,

1982-1998

Values are averages of monthly figures in percent. i is the yield to maturity on long-term
government bonds, £ is the required return on the SP500 estimated as a value weighted average
using a discounted cash flow model with analysts’ growth forecasts. The risk premium

rp = k—i. The average of analysts’ growth forecasts is g. Div yield is expected dividend per

share divided by price per share.

Year Div yield g K i rp=k-i
1982 6.89 12.73 19.62 12.76 6.86
1983 5.24 12.60 17.86 11.18 6.67
1984 5.55 12.02 17.57 12.39 5.18
1985 4.97 11.45 16.42 10.79 5.63
1986 4.08 11.05 15.13 7.80 7.34
1987 3.64 11.01 14.65 8.58 6.07
1988 4.27 11.00 15.27 8.96 6.31
1989 3.95 11.08 15.03 8.45 6.58
1990 4.03 11.69 15.72 8.61 7.11
1991 3.64 11.99 15.63 8.14 | 7.50
1992 3.35 12.13 15.47 7.67 7.81
1993 3.15 11.63 14.78 6.60 8.18
1994 3.19 11.47 14.66 7.37 7.29
1995 3.04 11.51 14.55 6.88 7.67
1996 2.60 11.89 14.49 6.70 7.79
1997 2.18 12.60 14.78 6.60 8.17
1998 1.80 1295 1415 5.58 9.17
Average 3.86 11.81 15.67 8.53 7.14




Table 3. Average Historical Returns on Bonds, Stocks, Bills, and Inflation
in the U.S., 1926-1998

Historical Return Realizations Geometric Arithmetic
Mean Mean
Common Stock (large company) 11.2% 13.2%
Long-term government bonds 5.3% 5.7%
Treasury bills 3.8% 3.8%
Inflation rate 3.1% 3.2%

Source: Ibbotson Associates, Inc., 1999 Stocks, Bonds, Bills and Inflation, 1999
Yearbook.
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Table 4. Descriptive Statistics on Ex Ante Risk Measures

Entries are based on monthly data. BSPREAD is the spread between yields on long-term
corporate and government bonds. CON is the consumer confidence index. DISP measures the
dispersion of analysts’ forecasts of earnings growth. VOL is the volatility on the SP500 index
implied by options data. Variables are expressed in decimal form, e.g., 12% = .12.

A. Variable
Monthly Levels
Mean Standard Deviation Minimum Maximum
BSPREAD .0123 .0040 .0070 0254
CON 9500 2240 473 1.382
DISP h .0349 .0070 .0285 .0687
VOL .1599 .0696 .0765 .6085
B. Variable
Monthly Changes
Mean Standard Deviation Minimum Maximum
BSPREAD -.00001 .0011 -.0034 .0036
CON .0030 .0549 -.2300 2170
DISP -.00002 .0024 -.0160 .0154
VOL -.0008 .0592 -2156 4081

C. Correlation Coefficients for Monthly Changes
*significantly different from zero at the .05 level
**significantly different from zero at the .01 level

BSPREAD CON DISP VOL
BSPREAD 1.00 -.16* .05 22%*
CON -.16* 1.00 .07 -.09
DISP .05 .07 1.00 .03

VOL 22%x* -.09 .03 1.00




Table 5. Changes in the Market Equity Risk Premium Over Time

The table reports regression coefficients (#-values). Regression estimates use all variables
expressed as monthly changes to correct for autocorrelation. The dependent variable is the
market equity risk premium for the SP500 index. BSPREAD is the spread between yields on
long-term corporate and government bonds. The yield to maturity on long-term government
bonds is denoted as i. For purposes of the regression, variables are expressed in decimal form,
e.g., 12%=12.

Time period Intercept i BSPREAD R’

A. 1982-1998 -.0002 -.8696 57
(-1.49) (-16.54)
-.0002 - 749 487 .59
(-1.11) (-11.37) (2.94)

B. 1980’s -.0005 -.887 .56
(-1.62) (-10.97)
-.0004 -759 508 57
(-1.24) (-7.42) (1.99)

C. 1990’s -.0000 -.840 .64
(-0.09) (-13.78)
-.0000 -.757 347 .65

(0.01) (-9.85) (1.76)




Table 6.

Measures of Risk

The table reports regression coefficients (t-values). Regression estimates use all variables
expressed as monthly changes to correct for autocorrelation. The dependent variable is the

Changes in the Market Equity Risk Premium Over Time and Selected
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market equity risk premium for the SP500 index. BSPREAD is the spread between yields on
long-term corporate and government bonds. The yield to maturity on long-term government
bonds is denoted as i. CON is the change in consumer confidence index. DISP measures the
dispersion of analysts’ forecasts of earnings growth. VOL is the volatility on the SP500 index
implied by options data. For purposes of the regression, variables are expressed in decimal form,

e.g., 12%=.12.

Adj.
Time period Intercept i BSPREAD CON DISP VOL R
A. 1982-1998
(1 0.0002 -0.014 0.05
(97 (-3.50)
2) -0.0001 -0.737 0.453 -0.007 0.60
(-.96) (-11.31) (2.76) (-2.48)
3) 0.0002 0.244 0.02
(.78) (2.38)
0] -0.0001 -0.733 0.433 -0.007 0.185 0.62
(-93) (-11.49) (2.69) (277  (3.13)
B. May 1986-1998
&) 0.0000 -0.821 0.413 -0.005 0.376 0.68
(.03) (-11.16) 247 (-2.22) (3.74)
(6) 0.0001 0.011 0.05
(.53) (2.89)
@) 0.0000 -0.831 0.326 -0.005 0372  0.006 0.69
(.02) (-11.52) (1.95) (-2.12) (3.77) (2.66)
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Table 7. Regressions Using Alternate Measures of Risk Premia to Analyze Potential
Effects of Reporting Lags in Analysts’ Forecasts

The table reports regression coefficients (¢-values). Regression estimates use all variables
expressed as changes (monthly or quarterly) to correct for autocorreclation. BSPREAD is the
spread between yields on long-term corporate and government bonds. rp is the risk premium on
the SP500 index. The yield to maturity on long-term government bonds is denoted as i. For
purposes of the regression, variables are expressed in decimal form, e.g., 12% = .12.

Adj.

Dependent Variable Intercept i BSPREAD R

(1) Equity Risk Premium (rp) -.0002 -.749 487 .59
Monthly Observations (-1.11) (-11.37) (2.94)

(same as Table 5)

(2) Equity Risk Premium (rp) -.0002 -.527 550 .60
“Quarterly” nonoverlapping (-.49) (-6.18) (2.20)
observations to account for

lags in analyst reporting
-.0001 -.247 38

(3) Corporate Bond Spread (BSPREAD) (-1.90) (-11.29)
Monthly Observations
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Abstract

The term “equity premium puzzle” was coined in 1985 by economists Rajnish Mehra and Edward C.
Prescott. The equity premium puzzle in considered one of the most significant questions in finance. A
number of papers have explored the fundamental questions of why the premium exists and has not
been arbitraged away over time. This paper expands upon the findings implicit in the Risk Premium
Valuation Model (Hassett 2010) that the equity risk premium is a function of risk free rates. Since 1960
the equity risk premium has been 1.9 — 2.48 times the risk free rate. The long term consistency of this
relationship with loss aversion coefficients associated with Prospect Theory (Kahneman and Tversky,
1979) suggest it as a solution to the equity premium puzzle and support the experimental findings of
Myopic Loss Aversion (Thaler, Tverseky, Kahneman and Schwartz, 1997).
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How the Risk Premium Factor Model and Loss Aversion Solve the Equity Premium Puzzle

Introduction

The equity premium puzzle in considered one of the most significant questions in finance. The term
“equity premium puzzle” was coined by Mehera and Prescott in their 1985 paper, “The Equity Premium,
A Puzzle,”* referring to the inability to reconcile the observed equity risk premium with financial
models.

In the analysis, they use short-term treasuries as the risk free rate to calculate the real return on equities
over numerous historical periods. They conclude that on average short-term treasuries have produced a
real return of about 1% over the long-term, while equities have yielded 7%, implying a premium of
about 6% or seven times the risk free return. Unable to reconcile a 7 x premium with financial models,
they term it a puzzle.

Since then numerous papers have also attempted to explain the difference, including Shlomo Benartzi;

Richard H. Thaler, “Myopic Loss Aversion and the Equity Premium Puzzle”* which attempts to explain it
in relation of loss aversion as first described in a paper by Daniel Kahneman and Amos Tversky in 1979.
They state:

“The second behavioral concept we employ is mental
accounting [Kahneman and Tversky 1984; Thaler 1985].
Mental accounting refers to the implicit methods
individuals use to code and evaluate financial outcomes:
transactions, investments, gambles, etc. The aspect of
mental accounting that plays a particularly important
role in this research is the dynamic aggregation rules
people follow. Because of the presence of loss aversion,
these aggregation rules are not neutral.”

Our mental accounting for gains and losses determines how we perceive them.

Loss Aversion

Loss aversion refers to the fact that people are more sensitive to decreases in wealth than increases.
Empirical estimates find that losses are weighted about twice as strongly as gains (e.g., Tversky and
Kahneman (1992)* Kahneman, Knetsch, and Thaler (1991)°, Thaler, Tversky, Kahneman, Schwartz
(1997)%). The pain of losing $100 is roughly twice the perceived benefit of gaining $100, so on average
their subjects required equal odds of winning $200 to compensate for the potential loss of $100. In
other words, the average subject required a gain of twice the potential loss to take a gamble that had
equal chance of loss or gain. This was in stark contrast to the belief that people, as rational beings,
evaluated the expected value and would be indifferent to a chance of gaining $100 to losing $100 if the
odds were 50/50; if the gain were tilted to be slightly favorable they should take the bet. In reality,
losing hurts more; people on average do not find the prospect of gaining $101 along with an equal

Copyright © 2010, Stephen D. Hassett 1
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chance of losing $99 to be an attractive wager. In their experiments, they found that subjects required
about $200 to be willing to accept the 50/50 proposition of losing $100. Kahneman won the Nobel Prize
in Economics in 2002 after Tversky passed away in 1996. Of course all people do not behave this way all
the time, otherwise Las Vegas would not exist!

Loss Aversion and Corporate Decision Making

Incorporating loss aversion into financial thinking is in many ways a significant departure from how
finance is often taught and practiced. In business school, | was taught to rely on net present value and
expected value. A project with positive net present values should be pursued and that when faced with
a range of outcomes, the expected value can be calculated by assigning probabilities to each outcome.
The mantra: Pursue all NPV positive projects.

My experience has been that the business world rarely works this way. Due to corporate as much as
individual loss aversion, decision makers are often much more risk averse, viewing the consequence of
failure much greater than the rewards for success. Investments that have only slightly positive NPV or
expected value are usually not pursued. Even the more risk tolerant individuals would tend to avoid risk
if the organization takes a very dim view of loss.

This is why it is so important for organizations to employ incentive structures that reward sustainable
growth in value and prudent risk taking. My own experience is that organizations without such
incentives tend to be very risk averse. When decisions come down the internal calculus that investing
successfully results in no reward, while failure results in unemployment or at least limited advancement,
investment and growth are sure to slow. | would also argue that this also explains risk taking for traders
on Wall Street where outsized rewards are given for success compared to the stigmas and punishments
for failure. It's not that traders have high tolerance for risk, it’s that in using OPM (Other People’s
Money) the penalty for failure is small.

Attempts to Solve The Equity Premium Puzzle

As discussed above, Mehra and Prescott(1985) coined the phrase “Equity Premium Puzzle” because they
estimated that investors would require a very high coefficient of relative risk aversion (of the order of 40
or 50) to justify the observed equity risk premium of 7%. Mehra and Prescott revisited the topic two
decades later with their 2003 paper, “The Equity Premium in Retrospect” where they continued to try
and solve the puzzle by comparing real returns and ask whether the equity premium is due to a
premium for bearing non-diversifiable risk. They conclude the answer is no unless you assume the
individual has an extreme aversion to risk; many times higher than the 2x return seen in the lab.

They approach the problem using a general equilibrium model and compared short-term real risk free
rates to observed equity premium. While | am not in a position to opine on the use of these models in
evaluating equity premium, for several reasons | will discuss shortly, | believe that the use of short-term
real rates is mistaken. |1 am not surprised they could not explain the rational for investors to such a
dramatic disparity, since in my opinion they are not making the right comparison. Rather than using
short-term real rates, they should be using long-term nominal rates.

Copyright © 2010, Stephen D. Hassett 2
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What they did was a bit like measuring the speed of one moving vehicle from another moving vehicle. If
Car A is moving at 60 mph and Car B is behind it at 66 mph and car C is next traveling at 61 mph, car C
will see itself gaining on car A at just 1 mph. From the perspective of car C, car B is gaining on car A ata
rate of 6 mph or 6 x faster than itself. This is all fine unless we care about their speed relative to a
neutral observer who is not moving. Relative to the neutral observer, Car B is only going 10% faster
than Car A.

Mehra and Prescott did not pick the right relative observation point. By using real returns they are
measuring the difference from a moving vehicle. If we look at this from the perspective of real returns
then the relative premium looks huge. But if we look at from the perspective of nominal returns, the
neutral observer, then the premium it is not unreasonable. This is consistent with both the way
individuals have been shown to evaluate gains and losses and with financial theory.

The mental accounting of investors focuses on the nominal returns. It's what investors track and how
money managers are compensated. So it makes sense that that proper basis for evaluating the risk
premium relative to the risk free rate is long-term nominal returns. For example, let’s assume inflation
is 2%. If an investor is considering a $1,000 investment with Treasuries at 4%, the yield is guaranteed to
be $40 per year with a full return of principal. While the investor is exposed to interim fluctuations in
value, the coupon and return of principal are guaranteed. Alternatively, the same investor considering
an investment in the S&P 500 Index, would be evaluating the expected return relative to the nominal
long-term rate rather than the real short term rate. In this case, expected equity returns of 10% would
look good, yielding on average $100 per year rather than $40. If we calculate real returns by
subtracting the 2% inflation, the S80 return for equities dwarfs the $20 for treasuries.

Now let’s assume that expected inflation rises to 6% and the risk free rate jumps to 8%, so a new $1,000
bond would yield $80. If you applied the same 6% premium for equities, you get an expected yield of
$140. Sure the real returns are the same, but doesn’t the risky $140 look less attractive compared to a
guaranteed $80?

Is it the right thing to track? Maybe not, but it is the reality. If investors compare their returns on
equities to the nominal return of other investments, any attempt to explain the premium must compare
the relative return as perceived by investors. Nominal not real returns should be used.

Long-term Treasury rates are used in determining cost of capital since they embody the market’s best
guess on long-term inflation. Even though this means they are not truly risk free, it is the best market
estimate of expected interest rate and inflation risk; it is the right reference point. While it’s true that
using real equity returns accounts for the actual inflation component, it does not account for interest
rate risk. In order account for expected inflation, most practitioners use long-term treasuries as the risk
free rate. In doing so, they also incorporate a risk factor for interest rates.

Copyright © 2010, Stephen D. Hassett 3
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Required return can be thought of as follows:

Nominal Equity Return = Real Equity Return + Inflation §))
= Short-term Risk Free Rate + Inflation + Interest Rate Risk Premium +
Equity Risk Premium ?2)

If you subtract inflation from both sides to derive the real required return, you are still left with interest
rate risk, which includes risk of unexpected inflation. So by using real equity returns and short-term risk
free rate, you still have to account for the interest rate risk premium.

Real Equity Return = Short-term Risk Free Rate + Interest Rate Risk Premium +
Equity Risk Premium A3

Essentially, what Mehra and Prescott were calling the equity risk premium, was really the equity risk
premium plus the interest rate risk premium.

Some believe that interest rates do not have a material impact on equity returns since inflation will
result in earnings growth and since equities are priced as a multiple of earnings, as earnings grow equity
prices increase with inflation. As | will discuss later, inflation has a huge impact on equity prices.

In “Myopic Loss Aversion and The Equity Premium Puzzle,” Benzarti and Thaler (1995) they posit that
the high degree of loss aversion is due to “myopic loss aversion” in that investors are sensitive to interim
losses as equity markets fluctuate. They suggest that investors look at nominal returns since that is
what is reported, therefore that’s what investors look at. They find that a loss aversion factor of 2.25 to
2.78 is consistent with observed risk premiums if investors evaluate their portfolios about once a year
and overall results are very sensitive to frequency of evaluation. In “The Effect of Myopia and Loss
Aversion on Risk,” Thaler, Tversky, Kahneman, Schwarts (1995), looked at this question through lab
experiments found that subjects were more loss averse when they evaluated their returns more
frequently and that they viewed guaranteed outcomes as a reference point with an evaluation period of
about one year (13 months). In other words, investors evaluate their portfolios annually and expect a
premium proportionate to the nominal risk free rate. As we will see below the RPF Valuation Model
provides real world support for these findings.

Determining the Equity Risk Premium

In introducing the Risk Premium Valuation Model’ (Hassett 2010), | posited that rather than being a
fixed premium, the Equity Risk Premium fluctuates with the risk free rate, maintaining a constant
proportionate relationship. The Equity Risk Premium equaled the Risk Free Rate times a constant factor.
That factor (Risk Premium Factor) ranged from 0.9 — 1.48 between 1960 and today. So substituting into
the formula where Cost of Equity = Rf + ERP,

Cost of Equity = Risk Free Rate + Risk Free Rate x Risk Premium Factor (RPF) )
Simplifying to:
Cost of Equity = Risk Free Rate x (1 + RPF) 5

Copyright © 2010, Stephen D. Hassett 4
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The RPF does not change frequently. In fact it has shifted only twice since 1960:

Period RPF
1960 - 1980 1.24
1981 - Q2 2002 0.90
Q3 2002 - Present 1.48

Table 1: Estimated Risk Premium Factors

A Risk Premium Factor of 0.9 — 1.48, means Cost of Equity equals the Risk Free Rate times 1.9 — 2.48,

very close to the findings on loss aversion factors.

The factor was determined by applying a set of simplifying assumptions to the constant growth formula:

P=E/(C-G) orPPE=1/(C-G) (6)

Variables and assumptions used are as follows:

p=

E=

Ir=

Rf=
ERP =
RPF =

Price (Value of S&P 500)

Actual Earnings (Annualize operating earnings for the prior four quarters as reported by S&P). Earnings, while not ideal,
are used as a proxy for cash flow and seem to work very well

Expected long term projected growth rate, which is broken down into Real Growth and Inflation, so G = Gg + |7

Expected long-term real growth rate. Long-term expected real growth rate (Gg) is based on long-term GDP growth
expectations on the basis that real earnings for a broad index of large-cap equities will grow with GDP over the long-term.
A rate of 2.6% is used with the same rate applied historically.8

Expected long-term inflation, as determined by subtracting long-term expected real interest rates (Intg) from the 10 Year
Treasury, where Intg is 2%; based on the average 10 Year TIPs Yields from March 2003 - present.9

Cost of Capital is derived using Capital Asset Pricing Model, where for the broad market, C = R¢+ ERP
Risk Free Rate as measured using 10 Year Treasury yields
Risk Premium Factor (RPF) x R¢

1.24 for 1960 — 1980; 0.90 for 1981 — 2001; and 1.48 for 2002 — present. The RPF for each period was arrived at using a
linear regression to fit the assumptions above to actual PE. All data used in the analysis is available for download at:
http://sites.google.com/a/hassett-mail.com/marketriskandvaluation/Home

Including all assumptions, the formula reduces to:

P = E/ (R x (1+RPF) — (R; - Intg) — 2.6%) (7)

Or P/E = 1/ (R¢x (1+RPF) — (R; - Intg) — 2.6%) (8)

The model explains stock prices from 1960 - 2009 with R Squared around 90%'° to actual index levels

from 1960 — 2009 as shown in graph below.
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S&P 500 Historical Avg (Actual Vs. Predicted)
Y/E Data 1960-2009
2,000
1,800
9 1,600 A
A |
% 1,400 /m
£ 1,200
S AV \/
g 1000 —7
% 800 >
7] 600
400
200
o <t [o0] N © o < o] jaY © o < o
© © © ~ ~ [e) oo) o) (2] (2] o o o
2 2 2 2 2 2 2 2 2 2 K& & &
| e Actual =-Predicted|

Figure 1: S&P 500 Actual vs. Predicted - 1960- 2009

The model only works if we assume that the Equity Risk Premium is conditioned on the Risk Free Rate,
meaning that it gets bigger when the Treasury yields increase and smaller when they shrink. In fact one
reason that | suspect many studies compared real returns, rather than nominal returns, may be the
belief that inflation does not impact valuation. One common belief is that since profits will grow with
inflation, inflation does not matter when discounted back. Another look at the constant growth
equation can help understand this thinking:

P/E=1/(C-G), where (9)
C=Rf+ERP (10)
G = Real Growth + Expected Inflation (11)
Rf = Real Interest Rate + Expect Inflation 12)

We can restate the equation for P/E as:

P/E = 1/ ( (Real Interest Rate + Expect Inflation) — (Real Growth + Expected Inflation), (13)
Expected Inflation is canceled out and:

P/E = 1/ (Real Interest Rate + Real Growth) (14)

Since we assume the Real Interest Rate and Real Growth are a constant over the long term, P/E is also a
constant. And, this would be true if the Equity Risk Premium were a constant. But if we assume that the
Equity Risk Premium moves with the Risk Free Rate, then we get the relationship charted above, which
is a very good fit with historical data.

Impact of Inflation on Value
Some argue that inflation should not have an impact on equity values, since higher costs can be passed
on in the form of higher prices, so on average, earnings growth should keep up with inflation. If you
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assume P/E ratios should be a constant, say, 19 then with earnings of $2.00 share a company would
trade at $38.00. With 5% inflation, earnings would grow to $2.10 and the share price to $39.90 — a gain
of 5% which just matches inflation.

We get the same result using a constant growth model and a fixed Equity Risk Premium. Let’s assume
the Equity Risk Premium is 6%, the Risk Free Rate is 7%, which embodies 5% inflation, and real long term
growth rate of 2.6%. Using the formula P/E =1/ (C-G) we get, P/E =1/ ((7%+6%) — (5%+2.6%) for a P/E
of 18.5. If we lower the inflation rate to 2% the risk free rate drops to 4% and we calculate P/E =
((4%+6%)-(2%+2.6%) = 18.5. As shown earlier, any change inflation cancels itself out.

However, if we derive the Equity Risk Premium using the RFP Model, then the Equity Risk Premium
varies with inflation. More inflation results in a higher risk premium. Using a 2% real interest rate,
Table 2 below demonstrates the impact of inflation on P/E:

Inflation R¢ ERP Cost of G Predicted P/E
Equity
2.0% 4.0% 5.9% 9.9% 4.6% 18.8
3.0% 5.0% 7.4% 12.4% 5.6% 14.7
4.0% 6.0% 89% 14.9% 6.6% 12.1
5.0% 7.0% 104% 17.4% 7.6% 10.2
6.0% 8.0% 11.8% 19.8% 8.6% 8.9

Table 2: Inflation Drives Valuation

Since investors expect a proportionately higher return over risk free, as inflation rises they apply a
greater discount to future earnings, resulting in a lower present value, resulting in a lower multiple.

Back to Loss Aversion

We know that individuals have different tolerances for risk. If the RPF is 1.48, that implies the market as
a whole has a loss aversion coefficient of 2.48. That is the average of all investors, not every individual.
We would expect some to have lower coefficients and others higher. Gambling addicts destroy their
own lives, knowing the odds are not better than even, implying a loss aversion coefficient of less than
1.0. Likewise, some people are more risk averse than average. This is one of the factors that act to set
price.

The prices for individual stocks are set at the margin. For example, Google closed today at $476 and
traded about 2.5 million shares. But with 320 million shares outstanding, that is less than 1%. The price
is set by the investors trading that 1%. The implication is that the owners of the remaining 99% think
Google is worth more than the current $476 and some number of investors would be will to buy Google
at a lower price. Mechanically the way this works is that sellers offer to sell a number of shares at a
certain price, called the Ask, and potential buyers offer to buy at a specified price, called the Bid. The
Bid for Google might be 200 shares at $476.07 and the Ask 700 shares at $476.18. The difference, $0.11
in this case, is called the Bid-Ask spread. These are the current best offers to buy and sell. For high
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volume stocks like Google, the Bid-Ask spread is small, just 0.02% in this case. For lower volume equities
the spread will generally be higher.

If an investor places a marker order to, say, buy 500 shares, the first 200 shares will be filled at the
current Bid price for 200 shares at $476.17. The remaining 300 shares will be filled by the next best ask
price, which will be $476.17 or higher. It is not the consensus or average estimate of value that
determines the price, but the price at which investors at the margin are willing to buy or sell at any
moment. So if | don’t own shares of Google and | think it’s worth just $400 or even $100, | am not a
factor in setting the price. But if in the moment described above, | enter a bid for 200 shares at $476.18,
the order is immediately filled and, for that moment, | am the price setter.

Similarly, investors with loss-aversion coefficients at the extremes should not be expected to have much
market impact. An investor with a loss aversion coefficient well above 2.5 will be risk averse and have
portfolio skewed towards government bonds, while and investor with a loss aversion coefficient near
1.0 will always have a portfolio that is mostly equities. Therefore neither will have much impact on price
setting. On the other hand, investors with loss aversion coefficients around 2.5 will be more likely to be
shifting their portfolios between bonds and equities and have a larger impact on pricing.

Conclusion

Loss aversion is hard wired into us and drives a number of decision processes that seems to include how
investors set prices in the stock market. Thaler, Tversky, Kahneman, Schwarts (1995) found evidence of
what they called Myopic Loss Aversion and demonstrated the expectations of risk premiums were
consistent experimental findings for loss aversion if portfolios were evaluated annually. The Risk
Premium Factor Valuation Model (Hassett 2010) provides real world evidence that the market actually
behaves this way. Combing evidence that the risk premium varied with the risk free rate in a proportion
consistent the findings in behavioral studies, suggests that Loss Aversion is the answer to the equity
premium puzzle.
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The RPF Model for Calculating the Equity Market Risk Premium

by Stephen D. Hassett, Hassett Advisors

hile driving increases in shareholder value is one
of the most important responsibilities of any
business leader, many executives are handicapped
by their limited understanding of what drives

W

value. And they are not alone. Even prominent economists
say that stock market valuation is not fully understood. For
example, in a 1984 speech to the American Finance Associa-
tion, Lawrence Summers said,

Ir would surely come as a surprise to a layman ro learn thar
virtually no mainstream research in the field of finance in the
past decade has attempted ro account for the stock-marker boom
of the 1960s or the spectacular decline in real stock prices during
the mid-1970s.!

Some people see the stock market as arbitrary and random
in setting values. But despite occasional bouts of extreme
volatility (including, of course, the recent crash), most
academics (and many practitioners) would likely agree with
the proposition that the market does a reasonably good job of
incorporating available information in share prices. At the same
time, however, certain factors can clearly cause the market to
misprice assets. These include problems with liquidity, imper-
fect information, and unrealistic expectations that can knock
valuations out of line for a period of time. But such limitations
notwithstanding, over a longer horizon the market appears to
be reasonably efficient in correcting these aberrations.

The RFP Valuation Model introduced in this article is
intended to explain levels and changes in market values and,
by so doing, to help identify periods of likely mispricing. As
such, the model offers a general quantitative explanation for
the booms, bubbles, and busts—that is, the series of multiple
expansions and contractions—that we have experienced over
the past 50 years. The model explains stock prices from 1960
through the present (March 2010), including the 2008/09
“market meltdown.” And it does so using a surprisingly simple
approach—one that combines generally accepted approaches
to valuation with a simple way of estimating the Market or
Equity Risk Premium (ERP) that produces remarkably good
explanations of market P/E ratios and overall market levels.

To show you what I mean, Figure 1 shows how the P/E
ratio predicted by model, when applied to S&P Operating
Earnings, explains levels of the S&P 500 over the past 50
years, the earliest date for which I had reliable earnings data.

My approach to estimating the Equity Risk Premium is
the most original part of this overall hypothesis. Many if not
most finance theorists have assumed that the Equity Risk
Premium is a constant that reflects the historical difference
between the average return on stocks and the average return
on the risk-free rate (generally the return on the 10-year U.S.
government bonds). But if we also assume that long-term
real interest rates do not change and that real growth can be
approximated by real long-term GDP growth (also generally
assumed to be stable), then the market-wide P/E would also
be absolutely constant over time.

But, of course, the P/E multiple on the earnings of the
S&P 500 is volatile, with year-end values ranging from 7.3
in 1974 t0 29.5 in 2001. One possible objection to the idea
of a constant risk premium is its implication that, when the
risk-free rate increases, investors are satisfied with a premium
that is smaller as a proportion of the risk-free rate. In this
article, I suggest that the Equity Risk Premium is not a fixed
number but a variable that fluctuates in direct proportion to
the long-term risk-free rate as a fixed percentage, not a fixed
premium. When used with the constant growth model, the
cost of capital can be determined by the following formula:

Equity Risk Premium = Risk-Free Long-Term Rate x
Risk Premium Factor (1)

This relationship can be used to explain why and how the
risk premium varies over time; as interest rates vary, so does
the risk premium. This Risk Premium Factor (RPF) appears
to have held steady for long periods of time, changing just
twice during the 50-year period from 1960 to the present
(July 2009). Based on my calculations, the RPF was 1.24
from 1960-1980, 0.90 from 1981-June 2002, and 1.48 from
July 2002 to the present. As we saw eatlier in Figure 1, the
model does a very good job of predicting market levels, even
through the present financial crisis.

1. Quoted by Justin Fox, The Myth of the Rational Market: History of Risk, Reward
and Delusion on Wall Street, p. 199. (Harper Collins, New York, 2009).
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Figure 1 S&P 500 Actual vs. Predicted—1960-2009
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This result is also consistent with investor “loss aversion,”
the well-documented (by Kahneman and Tversky) willing-
ness of investors to sacrifice significant gains to avoid
considerably smaller losses. One of their studies produced a
loss aversion coeflicient of 2.25,% which implies that partici-
pants, on average, would be indifferent to the outcome of a
coin flip promising either an expected but uncertain $325 or
a guaranteed $100. The analogous calculation for the RPF
model suggests that if the risk-free rate were 4% and the RPF
1.48, investors contemplating a $1,000 investment would
assign roughly equal value to a guaranteed (bond-like) $40
and equities with an expected return of $99.

Valuing Constant Growth

The place to start is with the simplest valuation model, the
Constant Growth Equation. This model derives from, and
represents a specific case of, the Discounted Cash Flow (DCF)
model that is used to determine the net present value of a
projected stream of future cash flows. In the case in ques-
tion, it is a perpetual stream of cash flows with a constant
rate of growth. Instead of assuming different levels of earn-
ings in each period, it assumes a constant growth rate off the
base year and a constant cost of capital.

The DCF model can be expressed as follows:
P=3 E/ 1+C)' + E / 1+C) +.. .+ E /(1+C) (2)

where E is cash flow and C is cost of capital. If you assume
that E grows at a constant rate (G),

P=3 (E,x (1 + Q)N / A+O) + (E,x (1 + G)?) / (1+C)?

+..+ (Ex(1+G))/(1+C) (3)
the result simplifies to:
P=E/(C-G) (4)

This equation, which is not so much a theory as an
indisputable mathematical concept, is the expanded form
of the core insight that the value of a perpetual stream is
the amount of the payments divided by the required rate
of return. In other words, the value of a guaranteed $100
perpetual annuity in a market where the long-run risk-free
return is 10% is $1,000 ($100/.10).

The next step is to take the constant growth version of this
model (equation 4) and apply it to market valuation by substi-
tuting S&DP operating earnings for the variable E above.

P = Price (Value of S&P 500 Index)

E = Earnings (Reported operating earnings for the prior
four quarters as reported by S&DP) as a proxy for cash flow

G = Expected long term growth rate
C = Cost of equity capital

This formula can also be restated to predict the Price-Earn-
ing (P/E) ratio of the S&P 500 as follows:

PIE=1/(C-G) (5)

2. Daniel Kahneman and Amos Tversky, “Advances in Prospect Theory: Cumulative
Representation of Uncertainty,” Journal of Risk and Uncertainty, 5 (1992):297-323.
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Table 1  Growth Drives P/E

Long-term Predicted
Growth P/E

0% 12.6

2% 16.7

4% 25

6% 50

These two equations, when used with the right assump-
tions (as discussed below) can be helpful in understanding
the valuations of both individual companies and the over-
all market.

Some academics and practitioners argue that equity
should be valued as the present value of not earnings or cash
flows, but of the dividend payments actually made to share-
holders—an argument that is embodied in the Gordon (or
Dividend) Growth Model. Some proponents of this model
advocate a modified approach that values all corporate
distributions, share repurchases as well as dividends. One
well-known advocate of this model is Nobel Laureate Paul
Krugman, who wrote:

Now earnings are not the same as dividends, by a long shot;
and what a stock is worth is the present discounted value of the
dividends on that stock—period, end of story.?

I disagree, and for several reasons. For starters, Modigli-
ani and Miller demonstrated in their famous 1961 article on
the “irrelevance” of dividend policy, that it is the underlying
expected earnings power of companies, not their dividend
payouts, that determine corporate market values.* Dividend
policy is as much a reflection of a company’s capital struc-
ture and investment opportunity set as of its expected future
profits—and decisions to pay out capital may often reflect a
maturing of the business and a scarcity of profitable invest-
ment opportunities. What's more, most promising growth
companies pay no or minimal dividends—and certainly for
those companies, the current levels and changes in earnings
are likely to be more reliable indicators than dividends of
future profitability.

Why Growth Rate and Cost of Capital Matter—
Lessons from the Constant Growth Equation

Assume you have an asset with a cost of capital of 12%, a
growth rate of 2% and cash flow of $100. Using the Constant

Growth model, the value can be calculated as follows:
$100/ (12% - 2%) = $1,000. This might be called the “intrin-

sic value” of the asset and, as such, it offers the best guide to
what it should trade for.

We can also apply this model to a share of stock to deter-
mine its intrinsic value. In place of cash flow, we use earnings
per share (EPS) of $2.00 with the same cost of capital and
growth rate, and the result is $2.00/(12% - 2%) = $20.00.
Since EPS is $2.00 and price is $20.00, the Price to Earnings
Ratio (P/E) is $20/$2 or a P/E of 10. While the market may
value it differently, if these assumptions are true, this formula
tell us its intrinsic value.

P/E ratios are often used to assess whether share prices
are expensive or cheap. A P/E of 8 is considered very low, but
when Google had a P/E of 60 or more, some thought it was
very high. Is a company with a P/E of 10 a bargain compared
to a company with a P/E of 20? We can explore this question
using the constant growth equation.

Take the same company and now assume that its cost
of capital drops to 8%, its growth rate increases to 3%,
and its earnings stay the same. These might seem like small
changes, but their impact is dramatic: $2.00/(8% - 3%) =
$40.00, a doubling of value with the P/E rising to 20. If
growth increases to 5% (in line with nominal long-term GDP
growth), the share price rises to $66, and the P/E is 33. (For
additional examples of how P/E varies based on growth for a
company with an 8% cost of capital, see Table 1.)

The formula P = E / (C — G) shows that earnings relate
directly to price. What many managers fail to realize is that
investors don’t look at earnings in a vacuum; they parse the
information in earnings in order to estimate growth. And
that’s why the reporting of earnings often causes the P/E to
change.

So, for all its simplicity, the Constant Growth model has
some important lessons:

1. Small changes in growth make a big difference in
value

2. Cost of capital is important, so we better get it right

3. Earnings drive value (stock price) but also contain
information

While it may not be difficult to project current earnings,
the big challenges are forecasting growth and getting the
right cost of capital.

A Short Overview of Risk Premiums

The Capital Asset Pricing Model (CAPM) can be used to
determine the cost of equity for an individual firm or the
market overall. The model takes the form of the following
equation: Cost of Equity = R + 3 x (ERP), where R = Risk-
Free Rate (and we will use the yields on 10-year Treasuries
as a proxy); 3 = Beta, which measures the sensitivity of the
stock to market risk (which, by definition, is 1.0 for the entire

3. Krugman, Paul, “Dow 36,000: How Silly Is It?", The Official Web Page of Paul
Krugman, accessed August 2009, http://web.mit.edu/krugman/www/dow36K.html.
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Table 2 ERP Drives Valuation
Cost of GDP + Predicted

R, ERP Equity Inflation P/E
5% 3% 8% 5% 33
5% 4% 9% 5% 25
5% 5% 10% 5% 20
5% 6% 11% 5% 17
5% 7% 12% 5% 14

market); and ERP = Equity Risk Premium (the calculation of
which will be the main subject of this discussion). Given that
the Beta of the broad market is 1.0, the Cost of Equity for the
market as a whole can be expressed as C = R+ ERP.

While the risk-free rate is easily determined, the risk
premium is not. In fact, there is no clear consensus on how
this should be done. The Equity Risk Premium (ERP) is the
expected return an investor requires above the risk-free rate
for investing in a portfolio of equities. It makes sense that if
10-year Treasury yields represent the safest (risk-free) long-
term investment, then investors will require higher expected
rates of return to buy riskier securities like corporate bonds
or equities. My own considerable experience in valuing
businesses has made it clear to me how sensitive valuations can
be to one’s estimate of the ERP (a topic I return to later).

The most common way of estimating the ERP is to
measure the historical premiums that investors have received
relative to Treasury yields and assume that investors will
expect that rate of return in the future. Depending on
method and time-period, this can range from 3% to 7% or
more. Other methods include surveys and forward-looking
estimates based on current stock market levels. There is a huge
body of research on measuring equity risk premiums. Indeed,
entire books have been written on the subject.

Many researchers have argued that the Equity Risk
Premium changes over time—and that such fluctuations
are a major source of stock price changes—and also that
the ERP has experienced a “secular” decline during the
past few decades. In their book Dow 36,000, for example,
Kevin Hassett (no relation) and James Glassman pushed
this argument to its reduction ad absurdum when suggest-
ing that the risk premium could vanish entirely since, given
a suflicient amount of time, stocks appeared virtually certain
to outperform bonds.’ In 7he Myth of the Rational Market,
Justin Fox quotes Eugene Fama, one of the pioneers of the

efficient market hypothesis, as saying, “My own view is that
the risk premium has gone down over time basically because
> . . »6

we've convinced people that it’s there.” Roger Ibbotson, a
well-known compiler of ERP statistics, has suggested that
the recent decline in the risk premium should be viewed as
a permanent, but non-repeating event, “We think of it as a
windfall that you shouldn’t get again,” he said.”

The Effects of Risk Premium on Valuation

Table 2 shows the expected effects of differences in ERP (rang-
ing from 3% to 7%) on valuations and P/E ratios. Using the
constant growth model, P/E =1/ (C— G), if we assume that
the market will grow with long-term estimates of real GDP
at 3% plus long-term inflation at 2%, our estimate of stock
market P/E would have P/E = 1 / (C — 5%). (Note: Real GDP
+ Inflation is Nominal GDP). With Treasury yields at 5%,
and ERPs ranging from 3%-7%, our range of cost of capital
(R;+ ERP) is from 8% to 12%. Table 2 also shows the P/E
implied for the overall market given this range of estimates
of ERP and cost of capital. To provide some perspective on
these numbers, if the S&P 500 were at 1,200 with its current
P/E of 19, it would increase more than 25% to 1,593 with a
P/E of 25 and the same level of earnings!

A New ERP Theory:

The Risk Premium Factor (RPF) Model

Conventional theory says that if the Equity Risk Premium
were 6.0% and 10-year Treasury yield was 4.0% then inves-
tors would expect equities to yield 10%. The theory also
implies that if the 10-year Treasury was 10%, then investors
would require a 16% return, which represents a proportion-
ally smaller premium.

For reasons discussed below, I will argue that investors
expect to earn a premium that is not fixed, as in the conven-
tional CAPM, but varies directly with the level of the risk-free
rate in accordance with a “Risk Premium Factor” (RPF).
While this proportional RPF is fairly stable, it can and does
change over longer periods of time.

To illustrate the concept, with an RPF of 1.48, equities
are expected to yield 9.9% when Treasury yields are at 4.0%.
But if Treasury yields suddenly rose to 10%, equities would
have to return 24.8% (10 + 1.48 x 10 = 24.8) to provide inves-
tors with the same proportional compensation for risk. In this
example, an increase in interest rates (and inflation) causes the
risk premium to jump from about 6% to 15%, suggesting that
interest rates have a greater impact on valuation and market
price than is generally recognized.

To test this approach, we must determine not only the

5. James K. Glassman and Kevin A. Hassett, Dow 36,000: The New Strategy for
Profiting From the Coming Rise in the Stock Market, (Times Business, New York, Janu-
ary 1, 1999).

6. Justin Fox, The Myth of the Rational Market: History of Risk, Reward and Delusion
on Wall Street, p. 263. (Harper Collins, New York, 2009).
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Figure 2 10-Year Treasury Yields—1960-2009!2
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Risk Premium Factor, but estimates for the other variables
in the following equation:

PIE=1/(C-G) (11)

In the analysis that follows, I use the following variables
and assumptions:

P = Price (Value of S&P 500)

E =Actual Earnings (Annualized operating earnings

for the prior four quarters as reported by S&D).
Earnings, while not ideal, are used as a proxy for
cash flow and seem to work very well

G = Expected long-term projected growth rate, which is

broken down into Real Growth and Inflation, so G
=G+,

G, = Expected long-term real growth rate. Long-term
expected real growth rate (G,) is based on long-term GDP
growth expectations on the basis that real earnings for a
broad index of large-cap equities will grow with GDP over
the long-term. A rate of 2.6% is used with the same rate
applied historically.®

[ = Expected long-term inflation, as determined by

subtracting long-term expected real interest rates
(Int,) from the 10-year Treasury, where Int, is
2%; based on the average 10-year TIPs Yields
from March 2003 to the present.’

C  =Cost of Capital is derived using Capital Asset

Pricing Model, where for the broad market, C =
R+ ERP

R, = Risk-Free Rate as measured using 10-year Treasury
yields

ERP = Risk Premium Factor (RPF) x R,

RPF = 1.24 for 1960 — 1980; 0.90 for 1981 —2001; and
1.48 for 2002 — present. The RPF for each period
was arrived at using a linear regression to fit the
assumptions above to actual PE."

When using these assumptions for the present period—that
is, with an RPF of 1.48—the formula reduces to:
P/E = 1/ (R x (1+RPF) — (R, - 2%) — 2.6%) (12)

Explanatory Value of the RPF Valuation Model

As can be seen in Figures 2-6, the actual values deviated
significantly from the predicted values at the end of 2008
and the first quarter of 2009, but had returned to something
like parity by June 2009. I believe that these deviations from
the model were attributable mainly to the abnormally low
yields for 10-year Treasuries that had been in effect since late
2008, when the “flight to quality,” along with the Federal
Reserve’s purchase of notes beginning in March 2009, caused
the 10-year Treasuries to be overpriced.! As shown in Figure

2, yields then fell to as low as 2.2%, as compared to a more
“normal” range 0f 4.1% to 5.1% in 2006 and 2007 (and rarely

8. “Economic Projections and The Budget Outlook,” Whitehouse.gov, Access Date
March 15, 2009, http://www.whitehouse.gov/administration/eop/cea/Economic-Projec-
tions-and-the-Budge-Outlook/.

9. “H.15 Selected Interest Rates”, The Federal Reserve Website, Accessed March-
July 2009, http://www.federalreserve.gov/datadownload/Choose.aspx?rel=H.15.

10. All data used in the analysis is available for download at: http:/sites.google.
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com/a/hassett-mail.com/marketriskandvaluation/Home.

11. “Fed in Bond-Buying Binge to Spur Growth,” The Wall Street Journal Online,
March 19, 2009, http://online.wsj.com/article/SB123739788518173569.html.

12. H.15 Selected Interest Rates”, The Federal Reserve Website, accessed March-
January 2010, http://www.federalreserve.gov/datadownload/Choose.aspx?rel=H.15.
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Figure 3

S&P 500 P/E Actual vs. Predicted—1960-2009 (Annual)
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Figure 4 S&P 500 P/E Actual vs. Predicted—1988-March 2010 (Monthly)
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less than 4% since 1960).

To compensate for these abnormally low Treasury yields
Figure 3 shows the P/E ratios that would likely have prevailed
if Treasury yields had remained at a still low, but more normal
yield of 4%."* And as shown in each of Figures 3-5, when we
normalize the 2008 R variable in this way, the actual year-
end valuations correspond closely with the predicted values.
One use of the model is to spot anomalies—and I believe
that Treasury yields during the 2008/09 financial crisis were
an anomaly.

Also plainly visible in Figure 3 is the decline in P/E ratios
in the 1970s, reflecting the increase in interest rates during

that period. It also shows the jump in P/Es during the 1980s,
reflecting the drop in inflation and interest rates.

Figure 4 shows the application of the same model using
monthly data from the end of 1986 through March 2010."
Like Figure 3, Figure 4 shows the return of values to parity
by middle of 2009. And as can be seen in Figure 5, the RPF
model explains overall market valuation levels when actual
S&P operating earnings are applied to the P/E ratio during
the period 1960-2009.” Using both year-end annual data
for the past 50 years and monthly data for the past 20 years,
then, the RPF model appears to do a very good job explain-
ing valuations. And that in turn would suggest that, at any

13. While earnings are released quarterly, the model was extended to monthly and
daily price data by using actual closing prices for S&P 500 and 10-Year Treasury yields
along with S&P 500 operating earnings as a constant for each month in the quarter. The
quarterly earnings were applied for the month preceding quarter end (i.e., Dec — Feb =
Q1) under the assumption that market expectations would have incorporated earning
expectations. Again, it assumed that as the end of quarter approaches earnings estimates
should be within a reasonably close to those actual earnings ultimately reported and
embodied in share prices. Earnings and S&P Averages 1960-1988 from Damodaran
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Online: Home Page for Answath Damodaran (New York University) http:/pages.stern.
nyu.edu/~adamodar/; S&P Earnings and levels from 1988 — Present from Standard and
Poors Website, http://www2.standardandpoors.com/portal/site/sp/en/us/page.topic/indi-
ces_500/2,3,2,2,0,0,0,0,0,1,5,0,0,0,0,0.html; Calculations and methodology by the
Author.

14. See Note 13.

15. See Note 13.

A Morgan Stanley Publication ¢ Spring 2010 123



Figure 5 S&P 500 Actual vs. Predicted—1988-March 2010
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Table 3  Estimated Risk Premium Factors Table 4  RPF Valuation Model R Squared Results

Period RPF

1960 - 1980 1.24
1981 - Q2 2002 0.90
Q3 2002 - Present  1.48
6% 50

point in time, the general level of market pricing and P/E
ratios are driven mainly by just two factors: interest rates and
expected earnings.

Estimating the Risk Premium Factor (RPF)

The RPF was estimated by fitting the model to actual levels
of the S&P 500 over the period 1960 to the present. This
analysis revealed two distinct shifts in the RPF since 1960.
Table 3 shows the RFP factors that provide the best fit for
each period.

The overall fit was assessed by calculating the R?s of the
regressions using the appropriate RPF for each time period.
As previously discussed, the meltdown after September 2008
drove down the risk-free rate to an unsustainable level and
left a trail of historical earnings that clearly did not reflect
expectations. As also discussed previously, these factors are
now back in line. To adjust for this recent anomaly, the R?
was calculated excluding meltdown time period beginning
September 2008.

As reported in Table 4, after excluding the meltdown
period, the RPF Valuation Model explains a remarkably high

R Squared
Dataset Full Excluding
Dataset  Meltdown
1960 - 2008 (Annual) 89.5% 96.3%
1986 — September 2009 (Quarterly) 80.6% 88.0%
January 1986 — September 2009 (Monthly) 86.3% 90.8%
January 1986 — September 2009 (Daily) 86.5% 90.9%

96% variation of stock prices over the past 50 years, as well
as 91% of the daily variation.'¢

Consistency with Prospect Theory/Loss Aversion
As mentioned earlier, Daniel Kahneman and Amos Tver-
sky first developed “prospect theory” in 1979, proposing that
individuals have a sufficiently strong preference for avoid-
ing losses that they are willing to pass up considerably larger
gains. (Kahneman won the Nobel Prize in Economics in
2002 after Tversky passed away in 1996.) Such “loss aversion”
in turn causes individuals to seek compensation for risk that
is greater than what would be indicated by expected value of
the outcomes. For example, if you were offered a certain $100
or $201 for correctly guessing a coin flip, you should prefer the
coin flip. Not surprisingly, most people require higher levels
of compensation to take the bet.

Numerous studies have been conducted to determine how
much additional compensation is required; this is called the
loss aversion coeflicient. In a 1992 study, Kahneman and

16. For daily calculation, actual closing prices for S&P 500 and 10-Year Treasury are
used; daily earnings were derived using same approach as monthly earnings as explained
in Note 13.
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Tversky reported finding a coeflicient equal to 2.25." In other
words, people on average were indifferent to a coin flip for
$325 versus a guaranteed $100. Other studies found coeffi-
cients of loss aversion in the range of 1.43 to 4.8."®

Such coeflicients are consistent with my RPF findings,
in which equities require premiums ranging from 90% to
148% over 10-year Treasury yields (roughly equivalent to
loss aversion coeflicients between 1.90 and 2.48). And the
two concepts appear to have another important similarity.
Stock market investors, like the subjects in these studies,
appear to expect an incremental return for bearing risk that
increases proportionally with the level of the risk-free inter-
est rate. For example, if you were indifferent between $10
guaranteed and $30 on a coin flip, you probably would
not accept that same fixed $20 premium over the expected
value if the stakes were raised and you were offered a choice
between a certain $100 and a contingent $220. Likewise,
if the risk-free rate is 4% and the RPF is 1.48, a $1,000
investment in bonds would offer a guaranteed $40 and
equities an expected return of $99, or a $59 premium. But
if bonds instead yielded 10% and the guaranteed return
rises to $100, a $59 premium would probably look much
less attractive.

Potential Causes for Shifts in The Risk Premium
Factor (RPF)

The RPF has shifted twice in the past 50 years, once in 1981
and again in July 2002. The period from 1960-1981 was char-
acterized by increasing inflation expectations, rising from
1.8% in 1960 to 11.7% in 1981." In 1981, the trend reversed
and inflation expectations began to decline. The 1981 shift in
RPF from 1.24 to 0.90 could have resulted from this change
in inflation expectations driven by world events, with the
decline in inflation resulting in higher real after-tax equity
returns. Events during 1981 that could have contributed this
change include:

* Resolution of the Iran hostage crisis. The reduction of
tensions could have increased expectations of stability and a
secure oil supply bringing with it lower inflation and less risk
of an economic shock.?’

* Inauguration of the Reagan era, with tax reduction
leading to higher real after-tax returns.

At the same time, my analysis shows that the RPF
increased from 0.90 to 1.48 in mid-2002. The decline of the
rate of long-term inflation ended in 2002, with long-term
inflation expectations having declined from a peak of 11.7%
in 1981 to0 2.0% in 2002. From 2002-2008, the rate of infla-

tion has remained fairly stable, fluctuating in the 2% - 3%
range. Other events that could have caused or contributed to
the shift in 2002 include:

* Department of Justice investigation into Enron. Enron,
Tyco and WorldCom’s destruction of confidence in reported
earnings may have led to increase risk premium factor.

* The enactment of Sarbanes Oxley in response to
accounting scandals. The act faced severe criticism for impos-
ing significant costs on public companies. Some suggested
high compliance costs would cause capital to flee to less
regulated markets, increasing the premium required for U.S.
equities.

* Congressional authorization of war in Iraq. Expectations
of a protracted war with Iraq could have increased expecta-
tions that increased borrowing to fund the war would lead to
increased inflation and tax rates in the future.

Potential Weaknesses in RPF Theory and
Methodology

Proper application of the model requires an understanding
of its potential weaknesses:

o All data points are current actual or historical. While the
market is forward looking, all data in the analysis are based
on actual results. Even 10-year Treasury yields, which embody
expectations about future real interest and inflation, were
sampled at a single point in time, along with earnings that
are not released until well after the quarter ends. Analysts’
estimates are widely accepted as being embodied in current
share price and would be expected to be reasonably close to
actual before the end of each quarter.

* Reasons for changes in Risk Premium Factor (RPF) are not
Sfully explained. The RPF has changed twice over the past 50
years and has historically held for long periods of time. While
I have suggested a few possible reasons for the two changes in
the RPF over the past 50 years, it is clear that further explana-
tion and understanding is necessary.

* The RPF may seem to be set arbitrarily ro fit actual. Given
the good linear regression fit across a relatively large number
of data points, the RPF seems to make sense and provide good
result. Nevertheless, this remains a valid concern.

* RPF cannot be projected. Thus far it only seems possible
to discern the RPF with hindsight. Scill this would seem
superior to other methods for determining risk premiums
that produce less definitive results. For example, if the RPF
changed just two times over 50 years, one might argue that
in any given year there is a 96% chance (48 out of 50) that
the RPF will remain constant over the next year.

17. Kahneman and Tversky. (1992), cited earlier.

18. Abdellaoui, Mohammed, Bleichrodt, Han and Paraschv, Corina, Loss Aversion
Under Prospect Theory: a Parameter-Free Measurement (October 2007). Management
Science, 10:1659-1674.
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19. Calculation of inflation expectations based on difference between 10-Year Trea-
sury yield and assumed 2% long-term real interest rate

20. “1981: Tehran frees US hostages after 444 days” BBC Website, Accessed
March 15, 2009, http://news.bbc.co.uk/onthisday/hi/dates/stories/january/21/newsid_
2506000/2506807.stm.
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Declining Interest Rates Explain More than Half of
S&P 500 Index Growth Since 1981

Interest rates are much more important than is generally
recognized. Some contend that the effects of interest rates
on corporate values are limited to the direct impact on corpo-
rate borrowing and consumer spending. Such observers tend
to argue that although the cost of capital rises with inflation,
for the market as a whole, the negative effect of this increase
is directly offset by the positive effects of inflation on earn-
ings. In other words, in the equation V=E / (C - G), since C
and G increase by the same amount (inflation), the expected
impact of inflation is zero.

By contrast, the RFP Model suggests that since the ERP
increases proportionally with the risk-free rate, it rises faster
than the growth in earnings, causing a decline in valuations.
So, in addition to the direct negative impact of interest rates
on earnings, higher rates also have a large impact on P/E
multiples.

The highest monthly finish of the S&P 500 was October
2007, when it closed at 1549. The highest annual finish of
the risk-free rate was 1981, when the 10-year Treasury yield
ended the year at 13.7%. Between these two mileposts, the
S&P 500 Index increased 1264%, from 122 to 1549. During
the same period, S&P Operating Earnings increased only
588%, rising from 15.2 to 89.3. Thus, earnings accounted
for only 47% (588%/1264%) of the growth of the S&P 500
during this period.

And since the increase in S&P earnings account for less
than half of the increase in its value, much of the remain-
ing increase can be attributed to decreases in the risk-free
rate—and with the 10-year Treasury yields falling to 4.47%
in October 2007, the cost of capital dropped from over 26%
at the end of 1981 to about 11% in 2007. And according
to the RPF model, over 50% of the appreciation over the
past 29 years is explained by reductions in both the RPF
and risk-free rate. More specifically, the model provides a
way of explaining the remarkable increases in corporate
P/E multiples since the 1960s—one that relies largely on
changes in interest rates (which embody expected inflation)
during that period.

The RPF Model and Market Efficiency: Exploring
Major Market Events From 1986-2009

The RPF Model can help demystify valuation and also help
explain major market vents over the past 20 or so years. The
exploration of these events may also serve to shed some light

on the efficient market hypothesis.
The Efficient Market Hypothesis (EMH) was first

fully proposed by Eugene Fama in his doctoral thesis at the
University of Chicago in the 1960s. In short, it states that
the markets are “informationally efficient” in the sense that
all available information is incorporated in the current stock
price. The implication is that since all information is embod-
ied in the current price, it should be difficult for investors to
beat the market year in and year out.

Over time it has been much debated and variations
have emerged that allow exceptions for holders of private
information (say, management) small stocks that are
not heavily traded. The EMH has been much criticized,
particularly by professional money managers who would be
out of work if the market were perfectly eflicient. After all,
if the pros can’t outperform the market, why not just buy
index funds?

Many people take the EMH to mean that the markets
are always right. Today even Fama admits the market makes
mistakes: “In a period of high uncertainty, it’s very difficult
to figure out what the right prices are for stocks.” And Ken
French, a frequent collaborator with Fama and Professor at
the Tuck School of Business at Dartmouth, said in an inter-
view jointly conducted with Fama that:

The efficient marker hypothesis is just a model and, like all
interesting models, it is not literally true. There are mistakes
in prices even if one considers just publicly available informa-
tion and, since people use financial prices to help decide how
to allocate resources, those mistakes must affect the underlying
reality. Of course, the existence of mistakes does not imply they
are easy to find.*

How the RPF Valuation Model Explains October 19,
1987 (Black Monday)

U.S. and global markets plunged on October 19, 1987, with
the S&P 500 declining more than 20%. The cause of the
decline has been much discussed, with program trading
often cited as the main culprit along with portfolio insur-
ance (derivatives).?

The application of the RPF Model to this period is
revealing. As shown in Figure 6, which shows actual versus
predicted S&P levels,* the market appears to have gotten
“ahead of itself”—thereby creating a bubble of sorts—in
anticipating an increase in earnings and values. As can be
seen in Figure 7, interest rates began to climb in March
1987, rising from 7.25% in March to 9.25% in October,
driving down the predicted P/E and the predicted level of
the S&P 500.” Yet despite flat earnings, the market grew
by 12% from February to September (and a total of 25%

21. “CBS Money Watch, http://moneywatch.bnet.com/investing/article/eugene-fama-
why-you-cant-time-the-market/277142/.

22. “Fama/French Forum” http://www.dimensional.com/famafrench/2009/04/qa-bi-
as-in-the-emh.html.
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23. “Black Monday 10 Years Later: 1987 Timeline,” The Motley Fool Website, ac-
cessed March 2009, http://www.fool.com/features/1997/sp971017crashanniversary-
1987timeline.htm.

24. See Note 13.

25. See Note 14.
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Figure 6 Actual vs. Predicted During October 1987 Crash3?
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Figure 7 Interest Rate Impact on October 1987 Crash, Actual S&P 500 Month-end data—10-Year Treasury Yields
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from December). With the market crash in October, the
predicted and actual fell back into parity, with both figures
suggesting the creation and bursting of a bubble.?

The suggestion offered by the RPF model in this case is
that the underlying cause of the crash was excessive valuation
relative to the sharp rise in interest rates. While actual and
predicted levels often deviate, without a shift in the RPF, they
tend to fall back in line.

But why did the market fall on October 19 and not
November 192 The market began its decline in August.
During the days before October 19, Iran had attacked
a U.S flagged tanker, exacerbating fears that oil prices

would continue to rise.”” Perhaps this solidified the belief
that earnings would not rise and inflation would stay
high, keeping interest rates high. And this point of view
was rapidly assimilated into the market. My own belief
is that these developments were nothing more than the
pinpricks that popped the balloon—actions that, while not
particularly momentous in and of themselves, were enough
to cause an unbalanced state to return to a more sustainable
equilibrium. While derivatives and program trading may
have aggravated the market decline once the decent began,
they were not the fundamental cause, but rather part of the
mechanism that helped to restore equilibrium.

26. See Note 14.

Journal of Applied Corporate Finance « Volume 22 Number 2

27. “Iranian Attacks on Kuwaiti Port Called Cause for U.S. to Retaliate,” The New York
Times, October 18, 1987, http://www.nytimes.com/1987/10/18/world/iranian-attacks-
on-kuwaiti-port-called-cause-for-us-to-retaliate.html.
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Figure 8

Actual vs. Predicted during the 2000 dot.com Bubble, S&P 500 Month-end data-10-Year Treasury Yields
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2000 “Dot Com” Bubble: RPF Model Suggests
Significant Bubble for the S&P 500
The NASDAQ peaked on March 10, 2000, at 5,132 in what
is widely considered to be a bubble driven by excessive valua-
tions of the Internet and other technology companies. Many
economists such as Robert Schiller, author of frrational
Exuberance, argued that the entire market was embroiled in
a speculative bubble throughout this period.?®

Application of the RPF Model to the S&P 500, strongly
suggests that a significant bubble did exist. Indeed, Figure 8
suggests that the dot.com bubble of the late 90s was by far
the largest during the period 1986 through 2009.

The model was not applied to the NASDAQ because it
would be inappropriate to assume that the long-term growth
of the smaller cap and technology heavy NASDAQ would
equal long-term GDP growth and that volatility (Beta)
would be the same as the S&P 500. As shown in Figure 9,
the NASDAQ had declined by 32% in mid-April 2000 from
its March 10 high, and by 51% by the end of 2000.

What explains this plunge in prices? From November
1998 until March 2000, 10-year Treasury yields increased
from 4.6% to 6.2%. While the NASDAQ began to run up
in late 1999, as can be seen in Figure 10, the S&P 500 Index
began to diverge from RPF Model predictions in January

28. Robert J. Schiller, Irrational Exuberance, (Princeton University Press).
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Figure 10 Dot.com Bubble Close Up, Actual S&P 500 Month-end data-10-Year Treasury Yields 32

1,600

Actual S&P 500
Predicted
10-Year Treasury Yield

March 2000:
Nasdaq
(not shown)

begins steep decline

1,500

1,400
1,300
1,200

1,100

S&P 500 Index

7.00
Market falls in anticipation
of earnings decline,
reaching parity with

predicted in Feb '02 6.50

6.00

o

(&)

o
10-Year Yields

1,000 5.00
900
Interest rate decline 4.50
800 drives up predicted
700 4.00

Jan-98 Apr-98 Jul-98 Oct-98 Jan-99 Apr-99 Jul-99 Oct-99 Jan-00 Apr-00

Jul-00  Oct-00 Jan-01 Apr-01 Jul-01 Oct-01 Jan-02 Apr-02

1999. As also shown in the figure, the S&P 500 Index did
not begin its decline until August 2000. (Remember the
model is applied using actual reported operating earnings,
so predicted levels at any point are backward looking and
do not reflect expectations.) However, the market began
to anticipate that the NASDAQ meltdown would have
a negative impact on earnings and the index followed.?
And since S&P earnings fell by 27% from March 2000 to
December 2001, the RFP Model appears to have “signaled”
that earnings would fall well in advance of the actual
reported drop.

The implication, then, is that the bubble was created
by the combination of inflated earnings levels with rising
10-year Treasury yields that the market was somehow slow
to recognize. To the extent the increases in interest rates were
orchestrated by the Fed to cool an overheating economy, inves-
tors may have misread the signal and expected the increase in
interest rates to be temporary. But, as the rate increases began
to affect earnings, the market began a sharp repricing as the
new point of view was assimilated.

How the RPF Valuation Model Explains 2008-2009
Meltdown and Recovery
The bursting housing bubble and mortgage crisis ultimately
led to the meltdown that began September 2008. By August
2008, the S&P 500 had already fallen by 16% from its May
2007 peak. During this period, 10-year Treasury yields
declined from around 5% to less than 4%. As illustrated in
Figure 11, this led to an increase in predicted levels of the
S&P 500 index.

According to the Case-Schiller Home Price Index, home

prices fell more than 10% from second quarter of 2006 to
the fourth quarter of 2007 and a total of 18% by the second
quarter of 2008.%° This historically large decline led to
(well-founded) concerns about financial instability and the
elimination of an important source of disposable income.
Once again, in anticipation of a decline in earnings, the S&P
500 index fell while the RPF Model (using reported operat-
ing earnings) showed an increase in predicted levels as interest
rates declined. The lines for expected and actual S&P values in
Figure 11 begin to converge in August 2008, just before the
worst of meltdown began in September and October. Inves-
tors were unable to absorb the seriousness of the pending
crisis, so while the market fell in anticipation of an earnings
decline, the expectations did not come close to reflecting the
magnitude of the situation.

As can be seen in Figure 11, the flight to quality and
resulting drop in Treasury rates clearly drove up the predicted
levels to abnormal highs. But, as interest rates returned to a
more normal level by June 2009, the predicted and actual
levels returned to parity.

RPF Model implications for efficient markets?

* Over a longer period of time, the market is efficient if
one allows for oscillations around true value, but is also subject
to making mistakes. These mistakes can create bubbles.

e Over time the bubbles are deflated and the market
returns to predicted levels as new long-term views are assimi-
lated.

e The RPF Valuation model has shown to be useful in
identifying bubbles before they pop.

This pattern supports the contention that the valuation
model would have worked well during this period with a

29. See Note 13.

30. “S&P/Case-Schiller Home Price Indices,” Standard and Poors Website, accessed
March to April 2009, http://www?2.standardandpoors.com/spf/pdf/index/csnational_val-
ues_022445 xls.
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Figure 11 Actual vs. Predicted During 2008-2009 Meltdown, S&P 500 Month-end data—10-Year Treasury Yields
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normalized interest rate. It also shows how the market led
predicted levels as it incorporated expected rather than actual
historical operating earnings.

In sum, analysis of these major market events with the
RPF Model supports the contention that markets make
mistakes in processing information. It also suggests that
market prices oscillate around a true fair value price. But, as
highlighted throughout this discussion of three major market
events, these deviations can be very large.

2010 Outlook

As of this writing, on April 14, 2010, the S&P 500 Index
closed at 1,211, as compared to a predicted level of 1,260—
still 4% below the predicted level. In addition to looking at
the market today, the model can help inform an opinion
about the future. S&P estimates 2010 operating earnings
of $75.27. If we also assume the 10-year Treasury remains
unchanged at 3.83%, the S&P 500 Index would be predicted
to end the year at 1,485—a gain of another 23%. But if the
bond rate rises to 5%, even with the growth in earnings, the
S&P’s predicted value at year end is 1,107—a drop of 9%
from the current level.

Conclusions
Many people view the market valuation process as a black-
box driven by emotion, leaving many managers unsure what
strategies they can pursue to increase shareholder value.
Using two main variables, the RPF Valuation model high-
lights a number of important principles that can be used to
inform the valuation of all companies in most (though not
all) circumstances:

1. The Equity Risk Premium is not a constant, but a
relatively stable Risk Premium Factor (RPF) that is applied
to the risk-free rate (10-year Treasury yields).
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2. The Risk Premium Factor is consistent with the loss
aversion coefficient associated with the prospect theory (of
Kahneman and Tversky).

3. The Risk Premium Factor Valuation Model [P=E/ (R,
x (I+RPF) — (R, - Int, + G)))] effectively explains both P/E
and S&P 500 Index levels using readily available information
and simplifying assumptions.

4. Growth is a critical component of valuation, and the
impact of growth on value is easily quantified using the RPF
model.

5. Interest rates drive market value—and the fair value of
the market (P/E Ratio) cannot be estimated without consider-
ing interest rates.

6. Interest rates have a greater impact on market price and
valuation than is generally recognized, with low rates more
beneficial and high rates more punishing.

7. Declining interest rates were a major factor in the long
bull market from 1980 through 2007.

8. The RPF model suggests that if Treasury yields remain
in the low 4%—5% range and earnings recover to 2006/07
levels, the market could stage a rally and recover to record
levels, with the S&P 500 Index rising to the range of 1,300—
1,700.

9. Though efficient and rational over longer time periods,
the market is prone to occasional, generally short-lived oscil-
lations and pricing errors.

STEVE HASSETT is president of Hassett Advisors based in Atlanta,
Georgia, which specializes in corporate development and growth
strategies. Previously, he was VP-international and emerging businesses
at the Weather Channel, founder of a Web and mobile software company,
and a corporate finance consultant with Stern Stewart & Co.
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Conflicts of Interest and Analyst Behavior:
Evidence from Recent Changes in Regulation

Armen Hovakimian and Ekkachai Saenyasiri

Regulation FD made analysts less dependent on insider information and diminished analysts’
motives to inflate their forecasts. The Global Research Analyst Settlement had an even bigger impact
on analyst behavior: The mean forecast bias declined significantly, whereas the median forecast bias
essentially disappeared. These results are similar for all analysts.

ur investigation of the impact of recent

changes in regulation on analysts’ fore-

casting behavior follows a number of

studies that argued that analysts were
motivated to produce research reports that did not
reflect their true opinions. Analysts tended to make
excessive “buy” recommendations and inflated
earnings forecasts for several reasons, two of which
gained considerable attention from regulators in
the United States. First, analysts may have felt com-
pelled to favor managers in covered companies in
order to gain privileged access to information flow
(Lim 2001). Second, although analysts are sup-
posed to provide investors with accurate and truth-
fulresearch reports, conflicts of interest could occur
because analysts’ compensation was tied to profits
generated from investment banking business and
brokerage commissions (Lin and McNichols 1998;
Carleton, Chen, and Steiner 1998).

In the early part of the first decade of this
century, in an effort to restore public confidence in
U.S. capital markets, U.S. regulators enacted several
rules and regulations, prosecuted analysts whose
research reports were tainted by conflicts of inter-
est, and fined banks that failed to prevent research
analysts’ conflicts of interest. Two of the main reg-
ulatory developments during this period were (1)
Regulation Fair Disclosure (Reg FD), which became
effective on 23 October 2000, and (2) the Global
Research Analyst Settlement (Global Settlement),
which was announced on 20 December 2002.!

Although the primary goals of these two regu-
latory actions are different, they both have the
potential to improve the quality of analyst fore-

Armen Hovakimian is professor of finance at Baruch
College, New York City. Ekkachai Saenyasiri is
assistant professor of finance at Providence College,
Providence, Rhode Island.
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casts. One of the stated goals of Reg FD is to prohibit
private communication between companies and
analysts, thereby helping to level the playing field
so that market participants can have equal access
to information and making analysts less dependent
on such communication. In prohibiting companies
from selectively disclosing private information to
analysts, Reg FD may reduce analyst forecast bias
by eliminating the incentive for analysts to inflate
their earnings forecasts in order to gain access to
insider information.

The Global Settlement is an important
enforcement agreement between U.S. regulators
and 12 large investment banks (the Big-12 banks)
designed to eliminate research analysts” conflicts
of interest. If successful, the Global Settlement
should reduce optimistic bias in analyst forecasts.

Our study considered whether these two
actions by U.S. regulators reduced the bias in
analysts” earnings forecasts documented in previ-
ous studies. We focused on annual earnings fore-
cast bias for several reasons. First, investors may
use analyst forecasts to form expectations of earn-
ings and cash flows, both of which are important
inputs for stock valuation models. Inflated earn-
ings forecasts can drive stock prices above their fair
values if investors fail to adjust for the bias.?

Second, given the flurry of new regulations,
regulators clearly consider analyst behavior an
important factor in maintaining investor confidence
in financial markets. Regulation is costly because of
the significant expenses associated with analyzing
problematic situations and developing remedies.
Moreover, restrictions and reporting requirements
imposed on various market participants result in
ongoing compliance costs. These costs can be
justified only if the new regulations help reduce
analysts” conflicts of interest and thereby generate
an important benefit for financial markets.

©2010 CFA Institute
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Third, most studies that have examined the
impact of Reg FD and the Global Settlement on
analyst behavior focused on forecast accuracy
and forecast dispersion (Bailey, Li, Mao, and
Zhong 2003; Agrawal, Chadha, and Chen 2006).
These aspects of analyst behavior, however, are
little affected by conflicts of interest, the focus of
our study.

Other studies have examined forecast bias.
Clarke, Khorana, Patel, and Rau (2006) found that
the Global Settlement had no impact on relative
bias in analyst forecasts. Focusing on the impact of
Reg FD on bias in quarterly earnings forecasts
between October 1999 and December 2001, Mohan-
ram and Sunder (2006) found that these forecasts
became more optimistic after Reg FD but attributed
the increase to unexpectedly low realized earnings
during the 2001 recession. Our longer study period
(1996-2006) allowed us to control for macroeco-
nomic conditions in our regression analysis. Fur-
thermore, we examined longer-term (up to 24
months) earnings forecasts in which the forecast
bias is more apparent (Richardson, Teoh, and
Wysocki 2004). Although Herrmann, Hope, and
Thomas (2008) found some evidence of decline in
forecast bias following Reg FD, they focused on
internationally diversified companies only; we
examined all U.S. companies, and our primary
focus was on changes in forecast bias after the
Global Settlement.

Lastly, the ability of analysts to forecast earn-
ings accurately can be easily and straightforwardly
verified because actual earnings are observed at
the end of the forecast period. Barber, Lehavy,
McNichols, and Trueman (2006) studied the
change in distribution of stock recommendations
made from 1996 to 2003. They found that the per-
centage of buys decreased starting in mid-2000.*
How unbiased the new distribution of stock recom-
mendations is, however, remains uncertain. But we
know that the bias should be zero at the aggregate
level when analysts make their forecasts on the
basis of their true opinions.

Institutional Background

Historically—and especially before recent
regulations—analysts have tended to make
unduly optimistic earnings forecasts. In this
section, we discuss the possible reasons for this
optimistic bias and the potential impacts of the
recent regulations on such bias.

Why Do Analysts Make Overoptimistic
Earnings Forecasts? A number of studies have
documented that analysts regularly make overop-
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timistic earnings forecasts (Brown 1997; Chopra
1998; Beckers, Steliaros, and Thomson 2004). Opti-
mistic bias tends to be larger for longer-term fore-
casts and smaller for forecasts made closer to the
earnings announcement date. This phenomenon is
usually referred to as the walk-down trend (Rich-
ardson, Teoh, and Wysocki 2004). Several explana-
tions have been offered for analyst optimism.

First, analysts may be influenced by conflicts of
interest if their compensation is tied to investment
banking fees and brokerage commissions. Lin and
McNichols (1998) found that analysts affiliated with
underwriters make more favorable stock recom-
mendations and long-term earnings growth fore-
casts than analysts not so affiliated. Agrawal and
Chen (2005) discovered that optimism in long-term
earnings growth forecasts is high when analysts
work for financial institutions whose revenues
come mainly from brokerage business. Carleton,
Chen, and Steiner (1998) found that stock recom-
mendations made by brokerage firms are more opti-
mistic than those of nonbrokerage firms. Using
Australian data, Jackson (2005) noted that optimis-
ticanalysts generate more trades for their brokerage
firms than do less optimistic analysts. Chan, Kar-
ceski, and Lakonishok (2007) showed that analysts’
earnings forecasts are influenced by their desire to
win investment banking clients. Doukas, Kim, and
Pantzalis (2005) reported that stocks with excess
analyst coverage yield lower future returns, consis-
tent with the conflict-of-interest hypothesis. Hong
and Kubik (2003) found that brokerage houses
reward optimistic analysts; optimistic analysts at
low-status brokerage houses are more likely to
move up to higher-status brokerage houses than are
less optimistic analysts.

Second, analysts may feel compelled to main-
tain good relations with company management in
order to gain access to insider information that can
help improve the accuracy of their forecasts (Lim
2001). Third, analysts may tend to cover stocks for
which they have positive views and drop or avoid
stocks for which they have negative views, which
can induce a self-selection bias (McNichols and
O’Brien 1997). Fourth, analysts may have a cogni-
tive bias that leads them to overreact to good earn-
ings information and underreact to bad earnings
information (Easterwood and Nutt 1999; Nutt,
Easterwood, and Easterwood 1999). Finally, the
walk-down trend may be driven by the “earnings
guidance game,” in which analysts issue optimistic
forecasts at the start of the fiscal year and then
revise their estimates until the company can beat
the forecast at the earnings announcement date
(Richardson, Teoh, and Wysocki 2004).
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Recent Regulations. Before Reg FD, analysts
and institutional investors often had an informa-
tional advantage over small investors through pri-
vate communications with management and
conference calls in which company managers dis-
cussed past performance and provided guidance
on future prospects. Such timely information gave
these investment professionals an unfair advantage
that allowed them to trade stocks profitably at the
expense of uninformed investors.

To gain access to this information flow, analysts
may have had to maintain good relations with insid-
ers by making optimistic forecasts and buy recom-
mendations in their research reports. Analysts’
excessively optimistic views of the stocks were mis-
leading and contributed to the deterioration of
investor confidence in capital market integrity.
Through Reg FD, which was introduced in October
2000, the U.S. SEC intended to improve fairness and
restore public confidence in the markets by requir-
ing U.S. public companies to disclose material infor-
mation simultaneously to all market participants.

Other sources of conflicts of interest, however,
remained unaddressed by Reg FD. For instance,
analysts could be pressured to make optimistic
forecasts and buy recommendations in order to
favor investment banking clients and generate
trading volume. The SEC and such self-regulatory
organizations (SROs) as the National Association
of Securities Dealers (NASD; now the Financial
Industry Regulatory Authority [FINRA]) and the
NYSE paid significant attention to this issue and
introduced a number of new rules and regulations
to curb the negative consequences of these con-
flicts of interest.

The Sarbanes—Oxley Act of 2002 (SOA), also
known as the Public Company Accounting
Reform and Investor Protection Act of 2002,
became law on 30 July 2002. The SOA is a broad
piece of legislation that covers various business
practices, including auditor independence, corpo-
rate responsibility, enhanced financial disclosure,
analysts’ conflicts of interest, and corporate and
criminal fraud accountability. The SOA amended
the Securities Exchange Act of 1934 by creating
Section 15D, which requires FINRA and the NYSE
to adopt rules reasonably designed to address
research analysts’ conflicts of interest.

To comply with the SOA, the NASD released
Rule 2711 (Research Analysts and Research Reports)
and the NYSE amended its Rule 351 (Reporting
Requirements) and Rule 472 (Communications with
the Public). Most provisions of these rules went into
effect on 9 July 2002. These rules mitigate analysts’
conflicts of interest by separating research analysts
from the influence of the investment banking and
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brokerage businesses. Research analysts” compen-
sation can no longer be tied to the performance of
these businesses. In addition, analysts are restricted
from personal trading in the stocks they cover.

On 6 February 2003, the SEC adopted Regula-
tion Analyst Certification (Reg AC).” Reg AC pro-
vides guidelines for proper disclosure of potential
conflicts of interest of sell-side analysts, including
their association with investment banking clients
and the structure of their compensation.

Regulatory objectives have also received sup-
port from rigorous enforcement actions. Following
ajoint investigation by the SEC, NASD, NYSE, and
New York State Attorney General, 10large U.S. and
multinational investment banks agreed to pay a
fine of $1.435 billion in the Global Research Analyst
Settlement for their failure to adequately address
research analysts’ conflicts of interest. Announced
on 20 December 2002, the terms of the Global Set-
tlement initially covered 10 banks.® The final agree-
ment was announced on 28 April 2003. Two more
banks reached settlements on 26 August 2004.” The
Global Settlement and the SRO rules share the same
spirit in that their mutual objective is to eliminate
analysts’ conflicts of interest.

The introduction of these rules and regulations
allows us to differentiate among the alternative
explanations for analyst forecast bias proposed in
the literature. First, a reduction in forecast bias after
Reg FD would support the argument that analysts
were overoptimistic owing to their need for insider
information, especially if such a reduction were
stronger for informationally more opaque compa-
nies. Second, a reduction in bias after the Global
Settlement and Rule 2711 would be consistent with
the hypothesis that analyst behavior was unduly
influenced by conflicts of interest.’ In contrast, self-
selection and cognitive biases may exist even in a
world without conflicts of interest. Therefore, if
these biases are the main reasons for analysts’ over-
optimistic forecasts, then these regulatory changes
should have no effect on forecast bias.”

Sample and Variables

We downloaded sell-side analysts’ earnings fore-
casts for fiscal year-end dates between 1996 and
2006 from the Detail file of the I/B/E/S database.
We used forecasts for current- and subsequent-year
earnings per share (EPS), which are made for the
upcoming and following years’ earnings
announcement dates.'’ Figure 1 illustrates the
timeline of analyst forecasts. The earliest analyst
forecasts for a specific fiscal year-end EPS are made
24 months before the forecast fiscal year-end (in
forecast month —23). For each EPS, analysts can
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Figure 1. Timeline of Analyst Forecasts
Year in Which Actual EPS Is
Calculated
>
Stock Price (P, _ )
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Earnings Forecasts Can Be Made at
Any Day before EAD

make multiple forecasts over the course of the next
24 months. Some analysts may continue to make
forecasts after the forecast fiscal year ends because
companies announce their annual earnings after a
delay of several months. Because the length of the
EPS announcement delay could be affected by how
high or low the realized EPS is relative to the con-
sensus, we retained only those forecasts made no
more than one month after the forecast fiscal year-
end (in forecast month +1), which left us with a total
of 2,297,792 forecasts.

For each forecast, I/B/E/S provides actual
earnings, forecast date, forecast period (fiscal
year) end, earnings announcement date, analyst
code identity, broker code identity, and number of
analysts used for consensus calculation.!! We
used the I/B/E/S Broker Translation file to con-
vert broker codes into brokers’ names, which we
used to identify analysts who worked for the Big-
12 banks. Stock prices are from the I/B/E/S Sum-
mary file.!> We downloaded real GDP growth
rates from the website of the U.S. Bureau of Eco-
nomic Analysis. We downloaded SIC codes from
the CRSP monthly file.

We defined analyst forecast bias, the focus of
our analysis, as the average analyst forecast error
and calculated it as follows:

Bias iy =100(Fy =4y ) /Py, ©)
1 !
Flim = 2 Fjimio @
J.t,m i=1
and
1 K
Fiimi = X Fjomik ©)
Jitym,i k=1
where
4;, = theactual earnings per share for com-

pany j in fiscal year ¢

July/August 2010

Fj,m,i = the average of annual earnings fore-
casts for fiscal year-end t of company
j, made in month m by analyst i

K; ;i = the number of forecasts made in
month m by the same analyst i for the
same company j and fiscal year ¢

I m = the number of analysts making fore-
casts in month m for company j and
fiscal year ¢

P;,1 = the stock price of company j one year

before the fiscal year-end #13

Note that all EPS forecasts made for the same
company and the same fiscal year are normalized
by the same stock price. Using the same stock price
as the denominator guarantees that any changes in
forecast bias across forecast months (m) are the
result of changes in analyst forecasts, not of changes
in the stock price. In our calculations according to
Equations 1-3, we used only new forecasts made in
month m. Stale forecasts from earlier months (m — 1,
etc.) were not carried over into month m. In other
words, each forecast participated in the calculation
of the forecast bias only once, in the month in which
the forecast was made. In our sample, an average
analyst made 4.5 forecasts for each annual EPS.
Because for each annual EPS we tracked 25-month
forecasts (from month —23 to month +1), the impli-
cation is that an average analyst in our sample made
a forecast for each covered company about once
every six months.

To minimize the influence of outliers and mis-
reported data in our analysis, we replaced with
missing values any extreme observations of fore-
cast bias, company size, market-to-book ratio, the
number of stocks, and the number of industry ana-
lysts following.'* We dropped from the sample all
forecasts made in October 2000 and December 2002
(1.5 percent of our sample) and observations with
missing values of any relevant variable. We were
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left with 1,586,000 individual analyst forecasts,
which we used to calculate 434,268 average forecast
errors. For each fiscal year and for each of our 7,315
sample companies, our sample contained up to 25
monthly observations of forecast bias (Bias; ; ,)-

Table 1 reports the summary statistics for the
overall sample of 434,268 observations and for
each of the three subperiods. The period before
Reg FD represents 53 percent of our sample obser-
vations, with the period between Reg FD and the
Global Settlement and the period after the Global
Settlement representing 18 percent and 29 percent
of the sample observations, respectively. The
mean forecast bias across all sample observations
is 1.39 percent of stock price. This result is consis-
tent with prior evidence that analysts’ forecasts
are optimistically biased (Brown 1997; Chopra
1998). No significant difference exists between the
mean forecast bias before Reg FD (1.72) and the
mean forecast bias between Reg FD and the Global
Settlement (1.97). The mean forecast bias is more
than four times smaller after the Global Settlement
(0.41), with the difference statistically significant
at the 1 percent level.

The average market capitalization of compa-
nies in our sample was $4.5 billion, and the average

market-to-book ratio was 3.57. On average, 8.41
analysts covered a company in any particular
month. The analysts in our sample worked for bro-
kers that, on average, each employed 65.7 analysts.
A typical analyst followed 16.30 stocks from 4.78
industries and, at the time of the forecast, had been
in the I/B/E/S database for 6.24 years and making
forecasts for the covered stock for 2.5 years. Around
17 percent of forecasts were made for companies
with negative earnings, and 36 percent of forecasts
were made for companies whose earnings were
declining relative to earnings in the prior fiscal year.

Test Results

In this section, we present the results of the univar-
iate tests and of the regression analysis of the effects
of Reg FD and the Global Settlement on bias in
analyst forecasts.

Univariate Results by Forecast Month.
Table 2 presents the median forecasts by the month
in which the forecasts were made and by the fiscal
year for which they were made. The numbers in the
leftmost column represent the month (relative to
the fiscal year-end) of the forecast. The numbers in
the top row represent the fiscal years for which the

Table 1. Summary Statistics
Number of Observations Mean
Between Between
Number of Before Reg FD After Before  Reg FD After

Description Variable Observations Mean RegFD  and GS GS Reg FD  and GS GS
Forecast bias Bias 434,268 1.39 231,096 77,305 125,867 1.72 1.97 0.41
Reg FD indicator RegFD 434,268 0.18 231,096 77,305 125,867 0.00 1.00 0.00
Global Settlement

indicator Glob 434,268 0.29 231,096 77,305 125,867 0.00 0.00 1.00
Company characteristics
Analyst coverage NumA 434,268 841 231,096 77,305 125,867 8.21 8.23 8.88
Market cap

($ millions) CompanySize 434,268 4,470.00 231,096 77,305 125,867 3,480.00 5,250.00 5,800.00
Market-to-book ratio MB 434,268 3.57 231,096 77,305 125,867 3.78 3.47 3.23
Negative EPS EPSLoss 434,268 0.17 231,096 77,305 125,867 0.16 0.26 0.14
Declining EPS EPSDecline 434,268 0.36 231,096 77,305 125,867 0.37 0.45 0.27
Litigation Litigation 434,268 0.27 231,096 77,305 125,867 0.25 0.30 0.27
Labor intensive Labor 434,268 0.61 231,096 77,305 125,867 0.60 0.63 0.63
Analyst characteristics
Company-specific

experience YearStk 434,268 250 231,096 77,305 125,867 2.55 243 2.46
General experience YearIBES 434,268 6.24 231,096 77,305 125,867 6.45 6.19 5.87
No. of stocks covered NumStk 434,268 16.30 231,096 77,305 125,867 18.18 14.31 14.06
No. of industries

covered NumInd 434,268 478 231,096 77,305 125,867 5.46 4.15 3.93
Broker size BrokerSize 434,268 65.70 231,096 77,305 125,867 54.98 89.03 71.06

Note: This table presents the summary statistics for the overall sample and for the three subperiods.
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Table 2. Forecast Bias by Fiscal Year and Forecast Month

Forecast Period End Year

Month 96 97 98 99 00 01 02 03 04 05 06
-23 0.1 0.4 14 1.6 -0.3 19 2.3 12 -0.2 -0.3 -0.3
-22 0.3 0.5 0.9 13 0.5 2.2 2.7 13 0.0 -0.1 0.0
=21 0.3 0.5 1.1 1.6 0.5 2.1 2.6 13 0.0 0.0 0.2
=20 0.4 0.5 1.1 13 0.6 2.2 22 14 -0.1 0.0 0.0
-19 0.5 0.7 1.1 1.6 0.5 2.1 2.1 13 -0.1 0.0 0.1
-18 0.5 0.4 12 14 0.6 2.1 1.8 1.1 -0.2 0.0 0.1
-17 04 04 12 1.1 0.5 2.1 14 1.0 -0.2 0.0 0.1
-16 04 0.5 13 13 0.6 2.0 15 1.1 -0.1 0.0 0.2
-15 0.4 04 1.1 0.8 04 17 0.9 0.8 -0.3 0.0 0.2
-14 0.4 0.3 0.9 0.6 04 FD 0.6 04 -0.2 0.0 0.1
-13 04 0.3 1.0 0.6 04 15 0.5 0.3 -0.2 0.1 0.2
-12 0.3 0.2 0.8 0.4 0.3 1.6 04 GS -0.2 -0.1 0.1
-11 0.3 0.3 0.8 0.3 0.1 13 0.3 0.1 -0.1 0.0 0.1
-10 0.2 0.2 0.5 0.1 0.2 1.1 0.2 0.0 -0.1 -0.1 -0.1
-9 0.2 0.2 0.6 0.1 0.1 1.1 0.2 0.0 -0.1 0.0 -0.1
-8 0.1 0.1 0.5 0.1 0.1 0.7 0.2 -0.1 -0.1 -0.1 -0.1
-7 0.1 0.0 0.5 0.1 0.1 0.6 0.2 -0.1 0.0 0.0 0.0
-6 0.1 0.1 0.4 0.0 0.1 0.5 0.2 -0.1 -0.1 -0.1 0.0
-5 0.0 0.0 0.2 0.0 0.0 0.2 0.1 -0.1 0.0 -0.1 0.0
—4 0.0 0.0 0.1 0.0 0.0 0.2 0.1 -0.1 0.0 0.0 0.0
-3 0.0 0.0 0.1 0.0 0.0 0.1 0.0 -0.1 -0.1 0.0 0.0
-2 0.0 0.0 0.0 0.0 FD 0.0 0.0 -0.1 -0.1 0.0 0.0
-1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.1 0.0 0.0 -0.1
0 0.0 0.0 0.0 -0.1 0.0 0.0 GS -0.1 0.0 0.0 -0.1

0.0 -0.1 0.0 -0.1 -0.1 0.0 0.0 -0.1 -0.1 -0.1 -0.3
Median bias 0.2 0.2 0.8 0.3 0.1 12 0.4 0.0 -0.1 0.0 0.0
Mean bias 12 1.1 1.8 22 14 3.0 2.1 1.6 0.1 0.5 0.3
Mean forecast 6.2 5.3 4.6 5.1 5.3 3.7 3.0 4.0 4.4 4.2 5.0
Mean actual earnings 5.0 4.1 2.8 2.9 3.9 0.7 0.9 24 4.2 3.7 4.7
Mean stock return (%) 0.2 0.2 0.0 0.2 0.0 0.0 -0.2 0.6 0.2 0.1 0.2
GDP (%) 3.7 4.5 42 4.5 3.7 0.8 1.6 2.5 3.9 3.2 3.3

Notes: Forecast bias is the difference between the mean of all forecasts made in a particular month for a particular company and a
particular fiscal year and the realized EPS, scaled by the stock price and multiplied by 100. Forecast period end year is the fiscal year for
which the forecast was made. Month is the month of the forecast relative to the fiscal year-end. FD is the month in which Reg FD
became effective (October 2000). GS is the month in which the Global Settlement was announced (December 2002). Stock returns were

calculated from our samples.

forecasts were made. For example, forecasts made
in September 2000 for the fiscal year ended Decem-
ber 2000 (i.e., three months before the fiscal year-
end) are in row -3 and column 00. The two solid
lines separate the forecasts made before and after
Reg FD and the forecasts made before and after the
Global Settlement. The six bottom rows present
forecast bias for each fiscal year averaged across all
forecast months, along with the realized earnings
per share, average forecasts, annual stock returns,
and real GDP growth rates.'® To align fiscal year-
end dates with annual variables, such as real GDP
growth rates, we used only forecasts for companies
with December fiscal year-ends.
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For each year before the Global Settlement,
the median forecast errors are significantly posi-
tive. Furthermore, for each year before the Global
Settlement, we observe the walk-down trend with
forecast bias steadily declining as forecasts are
made closer to the fiscal year-end. After the Global
Settlement, we observe a significant drop in the
forecast bias. The results show a total absence of
bias in the median forecast errors for 2004-2006
(0.1 percent, 0.0 percent, and 0.0 percent, respec-
tively). The walk-down trend in median forecast
errors is also practically nonexistent for fiscal
years 2004-2006.
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These results suggest that analysts’ conflicts of
interest indeed led to excess optimism in earnings
forecasts before the Global Settlement and that the
Global Settlement has been effective in neutralizing
analysts’ conflicts of interest. Alternative interpre-
tations of the forecast bias, such as self-selection,
cognitive bias, and need for insider information,
cannot explain these findings because the Global
Settlement should have no effect on these factors.

Unusually high stock valuations and/or real-
ized earnings, rather than less optimistic forecasts,
could be responsible for the decline in the average
forecast errors after the Global Settlement. A quick
look at the actual and forecasted EPS, stock returns,
and real GDP growth rates before and after the
Global Settlement, however, does not seem to sup-
port this idea. Neither aggregate economic perfor-
mance nor stock valuations seem to be out of the
ordinary in the post-settlement years. The actual
earnings, stock returns, and GDP growth rates
seem to be unusually low in the period between
Reg FD and the Global Settlement. We controlled
for the effects of these and other potentially rele-
vant factors by examining the effects of Reg FD and
the Global Settlement in a regression framework.

Regression Analysis. To examine how Reg
FD and the Global Settlement affect bias in analyst
forecasts while controlling for the confounding
effects of company and analyst characteristics, as
well as economic conditions, we estimated the fol-
lowing regression model:

Bzasj’t’m = o, +0o,RegFD, , +0o,Glob, , + ocsNumAj,t,m
+o, CompanySlzej’ ma T O MB] el

+ 0 YearStkj; om0 YearIBES

J.tm

+ 0o NumStk

om + O Numlind.

Jtbm

+0y, BrokerSizej, om T O EPSLossj’l (4)
+oy, EPSDeclinej’t + (xl3Litigati0nj

+oy, Labor/.’t _, +0ysActual GDF,

,

+ o UnexpectedGDEF, , +BMonth,, +YYear,

+9; ZDCompanyj Y€

In Equation 4, Bias;, ,, is the mean forecast
error for all forecasts for company j made in month
m relative to the end of fiscal year ¢, calculated
according to Equations 1-3. RegFD, ,, equals 1 for
forecasts made between 23 October 2000 and 20
December 2002. Glob,,, equals 1 for forecasts
made after 20 December 2002. A negative sign for
the coefficient of RegFD, , or Glob, ,, would indi-
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cate a decline in the bias following, respectively,
Reg FD and the Global Settlement.

Lim (2001) argued that the forecast bias is
higher when a company’s information environ-
ment is less transparent—for example, when the
company is small and has less analyst coverage.
Beckers, Steliaros, and Thomson (2004) showed that
the number of analysts following a stock affects the
accuracy of the consensus earnings forecast. Hence,
we used analyst coverage and company size as
proxies for the degree of information transparency.
Analyst coverage, Num4; , ,,, is defined as the num-
ber of outstanding forecasts used in I/B/E/S’s
monthly consensus calculation. Analyst coverage
represents the number of analysts following com-
pany j in monthm for fiscal year t. CompanySize; ;
is defined as the natural log of the company’s mar-
ket capitalization at the end of the previous month.

Analysts tend to forecast more accurately
when they have more experience and resources
(Clement 1999; Lim 2001). We measured company-
specific experience as the number of years analyst
i has been following company j (YearStk; ; ,,). We
measured general experience as the number of
years since analyst i first appeared in the I/B/E/S
database (YearIBES; , ,,). BrokerSize; ; ,, is the num-
ber of analysts who work for the same employer
during the same forecast year as the analyst who
makes the forecast. Analysts who work for larger
firms tend to have more resources at their disposal.

Clement (1999) found that analysts’ forecasts
are less accurate the more stocks and the more
industries they follow. NumSik; , ,,, is the number of
stocks for which analyst i supplies at least one
forecast within the calendar year. Numlnd, ; ,, is the
number of two-digit SIC industries for which
analyst 7 supplies at least one forecast within the
calendar year.

Previous studies have found that forecasting
is more difficult when companies report a loss or
a decline in earnings (Brown 2001). The EPSLoss;
indicator equals 1 when the corresponding
actual earnings of company j are negative. The
EPSDecline; ; indicator equals 1 when actual earn-
ings in fiscal year t are lower than actual earnings
in the previous year.

Matsumoto (2002) argued that companies in
industries with a higher risk of shareholder law-
suits and/or greater reliance on implicit claims
with stakeholders are more likely to avoid missing
analyst forecasts. The Litigation; indicator equals 1
for companies in high-litigation-risk industries:
SIC codes 2833-2836 (biotechnology), 3570-3577
and 7370-7374 (computers), 3600-3674 (electron-
ics), and 5200-5961 (retailing).
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Matsumoto (2002) also argued that labor-
intensive companies try to avoid missing analyst
forecasts because their stakeholders are concerned
about company credit risk. Labor intensity,
Labor; ; 1, is defined as 1 minus the ratio of gross
plant, property, and equipment (PPE) to total gross
assets, where gross PPE is the quarterly Compustat
item 118 and total gross assets is item 44 plus item
41. Labor; ; ,,_1 is measured at the end of the last
quarter preceding forecast month m.

Richardson, Teoh, and Wysocki (2004) found
lower forecast bias for companies with high growth
opportunities. We used the market-to-book ratio
(MB; ; ,,_1) at the end of the last quarter preceding
the forecast month as a proxy for growth opportu-
nities. The ratio is calculated as the market value of
equity divided by the book value of common equity
(Compustat quarterly data item 14 multiplied by
item 61 and divided by item 59).

We used both the real GDP growth rate and the
unexpected change in the real GDP growth rate to
capture analysts’ inability to forecast earnings accu-
rately if the state of the economy changes substan-
tially. ActualGDP, is the actual real GDP growth rate
in fiscal year t. UnexpectedGDP,,, is defined as the
difference between the expected real GDP growth
rate and the actual real GDP growth rate in fiscal
year . For earnings forecasts made more than nine
months before the fiscal year-end date, the expected
real GDP growth rate in fiscal year ¢ is defined as
the real GDP growth rate in the quarter for which
analysts made earnings forecasts. For forecasts
made in Q2 (seven to nine months before the fiscal
year-end date), we calculated the expected real
GDP growth rate as (Growth in Q1 + 3 x Growth in
Q2)/4. For forecasts made in Q3 (four to six months
before the fiscal year-end date), we calculated the
expected real GDP growth rate as (Growth in Q1 +
Growth in Q2 + 2 x Growth in Q3)/4. For forecasts
made within the three months before the fiscal year-
end date, UnexpectedGDP, ,, is set to zero.

Prior research and our results in Table 2 show
that forecasts made earlier in the fiscal year are less
accurate (Richardson, Teoh, and Wysocki 2004). To
control for forecast horizon, we used Month,,,
defined as the number of months until the fiscal
year-end date. For example, for an analyst forecast
made in October 1999 for the fiscal year ended
December 1999, Month,, equals 2. Richardson, Teoh,
and Wysocki (2004) found that forecast bias has
been declining gradually since the early 1990s. To
address the concern that our results may be driven
by this trend, we included a calendar year variable,
Year;, in the regression model (Equation 4). To
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control for unobserved company effects, we esti-
mated the regressions with fixed company effects
(DCompany;).

The first set of estimation results in Table 3 is
for the regression model (Equation 4). The results
imply that forecast bias declined by 0.24 percent of
the stock price after the introduction of Reg FD.
This finding confirms our earlier conjecture that the
increase in forecast bias following Reg FD
(observed in our univariate results) was driven by
unexpectedly poor macroeconomic conditions. The
decline in forecast bias following Reg FD is consis-
tent with Lim’s prediction (2001) that analysts
become less optimistic when they rely less on
insider information.

After the Global Settlement, the forecast bias is
lower by 0.96 percent of the stock price compared
with the forecast bias before Reg FD. This result is
consistent with our univariate findings and implies
that the Global Settlement and related regulations
successfully neutralized analysts’ conflicts of inter-
est. The positive coefficient on Month suggests the
presence of the walk-down trend. Forecast bias is
high for earlier forecasts and becomes lower over
time. On average, forecast bias increases by 0.14
percent of the stock price per month with the length
of the forecast horizon.

Because the Global Settlement is an enforce-
ment agreement between U.S. regulators and the
Big-12 banks, we next examined whether the
impact of the Global Settlement is limited to the
Big-12 banks or whether there are spillover effects
on other ar1alys’fs.16 In a recent study, Barber,
Lehavy, McNichols, and Trueman (2006) reported
that the proportion of buy recommendations
declined significantly among all analysts after the
implementation of NASD Rule 2711. They also doc-
umented that the decline was stronger for the sanc-
tioned banks. Whether the Global Settlement has
had a differential impact on analyst forecast bias,
however, remains an open question.

To identify the differential impacts of Reg FD
and the Global Settlement on Big-12 analysts, we
compared the bias in the forecasts of Big-12 analysts
with the bias in the forecasts of other analysts. In a
univariate comparison, we found that, on average,
the forecasts of analysts working for the Big-12
banks are statistically significantly less biased than
the forecasts of their counterparts in each of the three
periods. The differences, however, are economically
trivial. For example, the difference between the
mean forecast bias of Big-12 analysts and that of
other analysts is —0.04 percent of the share price in
the pre—Reg FD period, —0.09 percent after Reg FD,
and —0.05 percent after the Global Settlement.
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Table 3. The Impact of Reg FD and the Global Settlement on Forecast Bias
) ]

Coefficient t-Statistic Coefficient t-Statistic

RegFD —0.24** -3.29 -0.16* -2.05
Glob -0.96** -10.68 -0.86** -9.51
CompanySize 0.65** 16.89 0.67** 17.52
NumA 0.02** 3.39 0.01** 2.68
MB —0.03** -5.97 —-0.03** -5.59
YearStk 0.01 1.58 0.01** 2.59
YearIBES 0.00 1.54 0.00 0.78
NumStk 0.00* -2.38 0.00* -2.05
NumlInd -0.01 -1.18 -0.01 -1.40
BrokerSize 0.00 -1.64 0.00 -041
EPSLoss 5.40** 43.20 5.23** 40.53
EPSDecline 2.40** 62.82 2.38** 60.63
Litigation -0.03 -0.24 -0.08 -0.66
Labor 0.52 2.12 0.47 1.89
ActualGDP —-0.04* -2.05 -0.03 -1.23
UnexpectedGDP —-0.03** -6.26 —0.04** —6.61
Bigl2 -0.06** -3.05
Big12 x RegFD -0.07* -2.04
Big12 x Glob 0.03 1.34
Month 0.14** 51.70 0.13** 47.76
Year 0.03* 2.16 0.02 1.09
Adjusted R? 0.46 0.45

No. of observations 434,268 434,268

No. of companies 7,315 7,315

Notes: This table presents the coefficients obtained from Equation 4. The dependent variable is earnings
forecast bias, defined as the difference between the mean of all forecasts made in a particular month
for a particular company and a particular fiscal year and the realized EPS, scaled by the stock price
and multiplied by 100. The RegFD indicator equals 1 for forecasts made between 23 October 2000 and
20 December 2002. The Glob indicator equals 1 for forecasts made after 20 December 2002. Analyst
coverage, NumA, is the number of outstanding forecasts used by I/B/E/S to calculate monthly
consensus. CompanySize is the natural log of a company’s market capitalization. Market-to-book ratio,
MB, is the market value of equity divided by the book value of common equity. Company-specific
experience, YearStk, is the number of years since the analyst made her first forecast for a particular
stock. General experience, YearIBES, is the number of years since the first day the analyst appeared in
I/B/E/S. NumStk and NumInd are the number of stocks and the number of industries covered by the
analyst, respectively. The EPSLoss indicator equals 1 when the corresponding actual earnings of
company j are negative. The EPSDecline indicator equals 1 when the realized earnings in fiscal year ¢
are lower than the realized earnings in the previous year. BrokerSize is the number of analysts working
for the employer of the analyst who makes the forecast. The litigation risk indicator, Litigation, equals
1 for companies in high-litigation-risk industries. Labor intensity, Labor, is (1 - Gross PPE/Total gross
assets). The regressions are estimated with fixed company effects. The reported f-statistics reflect robust
standard errors adjusted for heteroscedasticity and clustering by company.

*Significant at the 5 percent level.
**Significant at the 1 percent level.

To see whether the differential impacts of Reg
FD and the Global Settlement on Big-12 and
other analysts change when we control for
company and analyst characteristics, as well as
economic conditions, we re-estimated the re-
gression model (Equation 4) with the Big-12 indi-
cator and its interactions with the Reg FD and
Global Settlement indicators included as addi-
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tional independent variables.!” The second set of
results in Table 3 is for this regression. Consistent
with our univariate results, the Big-12 indicator
and its interaction with Reg FD are significant in
statistical but not in economic terms. More impor-
tantly, the interaction of the Big-12 indicator with
the Glob indicator is insignificant, both statisti-
cally and economically.
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These results imply that both Big-12 and other
analyst forecasts were biased before Reg FD,
which is consistent with Lin and McNichols (1998),
who found no difference between the earnings
forecasts of analysts affiliated with banks involved
in underwriting deals with the covered companies
and the forecasts of unaffiliated analysts. These
results also imply that the impact of the Global
Settlement and related regulations is the same
among Big-12 and other analysts. This finding may
reflect the fear of non-Big-12 firms that they may
become targets of similar investigations. In addi-
tion, because Big-12 banks no longer reward opti-
mism, the incentive for lower-tier analysts to make
optimistic forecasts as a means of moving up to the
bigger banks has also been reduced. Finally, the
rules and regulations introduced by the SEC,
NYSE, and NASD around the time of the Global
Settlement covered all analysts.

We checked the robustness of our main
conclusion—that forecast bias declined after both
Reg FD and the Global Settlement—in a number of
ways. First, we used an alternative definition of the
forecast bias by normalizing it by the book value of
equity per share.!® Second, we changed the cutoff
dates for each period by using the effective date of
Rule 2711 instead of the announcement date of the
Global Settlement. Third, to ensure that our
conclusions were unaffected by changes in the
sample composition across the three subperiods,
we required at least one forecast by the same ana-
lyst for the same company in all three periods.
Fourth, we dropped observations with stock prices
under $5 to avoid any potential biases induced
when the scaling factor is a small number. Fifth, we
extended our sample period to include an earlier
period (January 1984-December 1995). In all these
cases, the results (not reported here) remain quali-
tatively the same as those reported in Table 3,
confirming that forecast bias declined after Reg FD
and especially after the Global Settlement.

We also examined the breadth of these effects
by estimating forecast bias regressions (Equation 4)
separately for 12 business sectors and for subsam-
ples formed on the basis of annual quintile sorts by

company size and analyst coverage.'” The results
(not reported here) show that the effects of the
Global Settlement are negative for 11 of 12 sectors
and are statistically significant for 9 sectors. The
effects of Reg FD are negative for 8 of 12 sectors, but
significantly so for only 6 sectors. Our results also
show that the effect of Reg FD is concentrated
among smaller companies and companies with low
analyst coverage, whereas the effect of the Global
Settlement is more widespread, with no clear cross-
sectional pattern.

Conclusion

Analysts’ conflicts of interest were evident before
the Global Research Analyst Settlement and were
not limited to the 12 banks covered by it. Reg FD
made analysts less dependent on insider informa-
tion and thus diminished analysts’ motives to
favor company managers by inflating their earn-
ings forecasts. The impact of Reg FD is more sig-
nificant for companies with a less transparent
information environment in which insider infor-
mation has the most value.

Introduced in 2002, the Global Settlement and
related regulations had an even bigger impact than
Reg FD on analyst behavior. After the Global Set-
tlement, the mean forecast bias declined signifi-
cantly, whereas the median forecast bias essentially
disappeared. Although disentangling the impact of
the Global Settlement from that of related rules and
regulations aimed at mitigating analysts” conflicts
of interest is impossible, forecast bias clearly
declined around the time the Global Settlement
was announced. These results suggest that the
recent efforts of regulators have helped neutralize
analysts’ conflicts of interest.
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cial support of the PSC-CUNY Research Foundation of
the City University of New York.

This article qualifies for 1 CE credit, inclusive of 1 SER credit.

Notes

1. Several rules and regulations were enacted around the
Global Research Analyst Settlement—for example, NASD
Rule 2711, NYSE Rule 472, and Regulation Analyst Certifi-
cation. Because they were introduced over a relatively short
period, determining the separate impact of each one of these
regulatory actions is impossible. Nevertheless, all these
rules and regulations share the same goal of reducing
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analysts’ conflicts of interest. Therefore, we use the term
Global Settlement to represent all the rules and regulations
enacted around the Global Research Analyst Settlement to
address analysts’ conflicts of interest.

2. Scherbina (2004) found a negative relationship between the
estimated bias that arises from self-selection in coverage and
subsequent stock returns. Her results suggest that retail
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investors fail to adjust for the bias. Malmendier and Shanthi-
kumar (2007) found that retail investors react to stock rec-
ommendations literally. Institutional investors buy stocks
that have “strong buy” ratings and sell stocks that have
“buy” ratings, whereas retail investors buy in both cases.
Kwag and Shrieves (2006) found that persistence in forecast
errors can lead to potentially profitable trading strategies.

3. Overall, these studies found either no change (Bailey, Li,
Mao, and Zhong 2003) or a decrease in forecast accuracy
(Agrawal, Chadha, and Chen 2006; Mohanram and Sunder
2006) and forecast dispersion (Agrawal, Chadha, and Chen
2006) following Reg FD.

4. Kadan, Madureira, Wang, and Zach (2009) documented
that stock recommendations have become less optimistic
since the Global Settlement. Furthermore, they found that
the likelihood of an optimistic recommendation is no longer
associated with analyst affiliation. Ferreira and Smith (2006)
found that investors have not changed the way they
respond to analysts’ changes in recommendations since Reg
FD. Examining bid—ask spreads and trading activity follow-
ing Reg FD, Lee, Rosenthal, and Gleason (2004) found no
significant increase in volatility or in the adverse-selection
component of bid—-ask spreads.

5. Reg AC took effect on 14 April 2003. See the joint report
by the NASD and NYSE (2005) for the effectiveness of the
new rules.

6. The10investmentbanks are Bear Stearns, Citigroup, Credit
Suisse First Boston, Goldman Sachs, J.P. Morgan, Lehman
Brothers, Morgan Stanley, Merrill Lynch, UBS, and U.S.
Bancorp Piper Jaffray. In 2008, Bear Stearns and Merrill
Lynch were taken over because of their deteriorating finan-
cial positions, whereas Lehman Brothers ended up in bank-
ruptcy. Because our sample period ends in 2006, these
events did not affect our results.

7. These two investment banks are Deutsche Bank and
Thomas Weisel Partners.

8. Because prior studies (e.g., Lin and McNichols 1998) found
no cross-sectional differences in forecast bias between
affiliated and unaffiliated analysts, one would not reason-

ably expect cross-sectional differences in the impact of the
Global Settlement on these two analyst types.

9. Therefore, one would not reasonably expect cross-sectional
differences in the impact of the Global Settlement on self-
selection bias.

10. Forecasts for current-year EPS are the forecasts inI/B/E/S
with code FPI 1. Forecasts for subsequent-year EPS are the
forecasts in I/B/E/S with code FPI 2.

11. We excluded forecasts in the I/B/E/S Excluded Estimates
file and forecasts for which actual earnings figures were
missing.

12. The I/B/E/S Summary file contains monthly snapshots of
consensus-level data and corresponding stock prices. The
snapshots are as of the Thursday before the third Friday of
every month. The reported stock prices in this file are the
last available prices before the Thursday. I/B/E/S’s earn-
ings-related data and stock prices are split adjusted.

13. Using stock price to normalize forecast bias is common (see,
e.g., Richardson, Teoh, and Wysocki 2004). Later in the
article, we discuss the robustness of our findings to alterna-
tive scaling of analyst forecast errors.

14. We defined extreme values as those in 1 percent of both
tails of the distribution. Variables that took only positive
(negative) values were trimmed only on the right (left) tail
of the distribution.

15. Realized earnings and forecasts are scaled by the stock
price, consistent with the scaling of the bias measure.

16. Other regulations, such as NASD Rule 2711, affect all
analysts.

17. In this analysis, for each forecast month of each sample
company-year, the mean forecast bias is calculated sepa-
rately for Big-12 and other analysts.

18. This step also ruled out the possibility that such events as
the decimalization of stock prices in August 2000-April
2001 affected our findings.

19. The sector classification for each company is from the
1/B/E/S Identifier file.
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When Sell-Side Analysts Meet High-Volatility Stocks: An Alternative

Explanation for the Low-Volatility Puzzle®

Jason C. Hsu? Hideaki Kudo® Toru Yamada®

Abstract

Empirically, high-volatility stocks tend to delivdow average returns; this result is robust
globally and has been documented in various studiége confirm this finding using a global
equity dataset that includes emerging markets d&m.also show that high-volatility stocks
exhibit high analyst bias in earnings growth fostsa Although sell-side analysts are
predictably optimistic, the relationship betweer thegree of optimism and a stock’s volatility
has not been documented before. We hypothesitatiadysts inflate earnings forecasts more
aggressively for volatile stocks, in part becadmeinbflation would be more difficult for investors
to detect. Because investors are known to ovdrteamalyst forecasts (under-adjust to analyst
bias), this can lead to systematic overvaluatiod &w returns for high-volatility stocks.
Additionally, we find sell-side analysts’ reseaiaformative despite the analysts’ biases; stocks
that have high forward E/P ratios based on anagshings forecasts tend to outperform and
produce significantly positive Fama—French alphaBhis evidence rejects the cynical view of
some in our industry that sell-side analysts arskilled. More interestingly, we find high
forward E/P stocks also exhibit high analyst biakich supports an interpretation that analysts
are more willing to inflate earnings forecastsdtwcks that they believe are likely to deliver high

returns—or for which their inflated forecasts akely to do no harm.

1 We would like to thank Isao Uesaki and Vivek Vishwanathan for their comments and criticisms, and Katy
Sherrerd for her editing assistance.

2 Research Affiliates and UCLA Anderson School of Management.
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1. Introduction

Somewhat counter to the general intuition, emgineaearch shows that high-volatility stocks
tend to deliver lower average returns than low-itha stocks. Various explanations of this
“puzzle” have been hypothesized, but the topic reman active area for theoretical research.
This paper is empirical in nature and primarily aito document a new pattern in analyst
earnings growth forecast bias in the cross-sedtiorstocks. We also seek to contribute to the
low-volatility puzzle literature by arguing that agst behavior may partially explain the
low-volatility anomaly.

We extend the research in two ways. First, weicatd the low-volatility effect using a
global dataset that includes emerging markets da®aur results show that the low-volatility
effect is robust even after controlling for regipnsdustrial sectors, and various firm
characteristics. Second, we explore a possibledetlveen analyst forecasts and the performance
of low- (or high-) volatility stocks and find tha&tigh-volatility stocks tend to experience high
upward bias in analyst earnings growth forecasiis; ¢ross-sectional relationship has not been
identified before. Additionally, high bias (optistic forecast) generally leads to low stock
returns—an observation which suggests that invesioderestimate the magnitude of the bias
and therefore overreact to analyst growth forecastsThese empirical facts and their
interpretations fit neatly together to suggest w tiekage between analyst behaviors and the
low-volatility puzzle. As we will discuss laterlsside analysts have strategic reasons to prefer
to inflate growth forecasts for volatile stocks. edduse investors overreact to analyst growth
forecasts, which creates excess demand for hightiityl stocks, this mechanism produces low
returns for volatile stocks and can partially actdor the low-volatility effect.

We also find that, despite the upward bias, anagshings forecasts are informative for
trading. Our evidence suggests that sell-sideyatsabre likely more skilled than widespread
industry cynicism would suggest, and their behaveme not merely dictated by the incentive to

5 See La Porta [1996], Dechow and Sloan [1997], Rajan and Servaes [1997], Dechow, Hutton, and Sloan [1999]
and Hayes and Levine [2000] for evidence on and interpretation of investor overreaction to analyst growth
forecasts.
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maintain positive relationships with banking clemnd prospects. Specifically, stocks with a
high analyst-forecasted earnings-to-price (forwiafR) ratio tend to deliver significantly higher
returns and positive Fama—French alphas—thaitogks that analysts find “cheap” based on
their forecasts tend to subsequently outperfdrm

The outline of the paper is as follows. We firsviesv the relevant literature on the
low-volatility puzzle and sell-side analyst forecagas. Next, we propose a simple model of
analyst behavior, which can explain the low-voigtipuzzle and predict a number of interesting
equity return patterns. We then describe our glalaghset that includes emerging countries. A
key contribution of our research is in demonstgatthat the low-volatility effect is robust
globally and is not driven by country or sectoreefs or by firm characteristics. Using global
equity data and the I/B/E/S database, we next deatithat high return volatilities are associated
with high upward biases in analyst earnings grofetkecasts. Finally, we document that analyst
forecasts, although systematically biased upwadl,irdleed contain useful cross-sectional
information regarding future stock returns. Thist lainding argues in favor of the skill and value

of sell-side analyst research.

2. Literature Review

Low-Volatility Puzzle

The literature on the low volatility puzzle has itglly examined the two components of
volatility—systematic and idiosyncratic—separatelyhe earlier literature on the rejection of
the CAPM found that low-beta stocks produce highsk-adjusted returns than high-beta
stocks’ These findings are related to the low-volatiliffeet because low- (high-) beta stocks
are more likely to exhibit low (high) volatility. The low-beta effect does not, however, subsume

6 Although secondary to the primary focus of our paper, our new findings suggest that not only do sell-side
analysts express valuable information in their earnings forecasts, but that investors underreact to the
information long (i.e., months) after the forecasts become available, allowing profitable trading strategies to be
constructed based on clever manipulation of I/B/E/S data. This evidence is consistent with the findings of
Womack [1996], Barber, Lehavy, McNichols, and Trueman [2001], Mikhail, Walther, and Willis [2004] and Li
[2005] on investor underreaction to analyst recommendations.

7 See Black, Jensen, and Scholes [1972], Miller and Scholes [1972], and Haugen and Heins [1975].
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the low-volatility effect. More recent literatures focused on idiosyncratic volatility and has
generally found that stocks with low idiosyncratmatility tend to produce higher risk-adjusted
returns than stocks with high idiosyncratic volgtif This finding is also related to the
low-volatility puzzle since stocks with low idiosgratic volatility usually exhibit low total
volatility. Using developed-country equity datarfrdl985 to 2006, Blitz and van Vliet [2007]
reported that low-volatility stocks outperformedytmvolatility stocks. Frazzini and Pedersen
[2011] also documented similar results using araegpd time horizon (1984—-2009).

Various conjectures have been presented for exptpithe low-beta and/or the
low-idiosyncratic-volatility effect. Excellent syimeses of the related theories and empirical
evidence has been provided by Baker, Bradley, andglatr [2011] and Pedersen and Frazzini
[2011]. Baker, Bradley, and Wurgler summarized arglied the behavioral explanation for the
low-volatility effect: investors are assumed to &éav “preference for lotteries” and views high
volatility stocks as speculation/gambling tools,iethinflates the price for high-volatility stocks
and depresses their future retutnsRational asset managers are unable to arbitragg this
behavioral anomaly because over-weighting low-vVidhastocks creates too much tracking error
against their benchmark®.Pedersen and Frazzini [2011] advocated a ratiowalel in which
investors are leverage constrained. In this moitegstors use high-beta stocks to improve
portfolio expected returns even though leveragimg-Volatility stocks would produce better
results. This excess demand for high-volatilitycks results in high prices in the present day
followed by low future returns for these securifits Because all investors are leverage and
shorting constrained to varying degrees, the lolatildy premium is not arbitraged away. In the
rational model, high beta stocks would have lovetunns than “fair” but would not be expected
to actually have lower returns than low beta stpeWsich is what has been documented in a
number of empirical studies.

In this paper, we provide another explanation toe tow-volatility effect based on
sell-side analyst behavior and investor reactienanalyst forecasts. We find that volatility can
be a proxy for analyst bias—high-volatility stoctend to experience more analyst optimism.

8 See Malkiel and Xu [2002], Spiegel and Wang [2006], Ang et al. [2006, 2009], and Bali and Cakici [2008].

9 See Mitton and Vorkink [2007], Barberis and Huang [2008] and Kumar [2009] for more detailed discussions
regarding the investor preference for lottery-like payoffs and for high-volatility stocks.

10 See Brennan [1993] and Brennan, Cheng, and Li [2012] for more detailed discussions of the theoretical
motivation for and the empirical evidence that supports why benchmark-sensitive institutional equity
managers are unwilling to take advantage of the low-volatility premium.

11 The original insight into the effect of leverage constraints was provided by Black [1972].
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Since the market is fooled, partly by the rosy éasts, this leads to high prices and low returns
for high-volatility stocks.

Sell-Side Analyst Behavior

It is well known that sell-side analysts tend tsuis upward-biased earnings forecasts; anecdotal
evidence and theoretical research suggest thatopitenism may be strategic rather than
indicative of a lack of skilt**® Interestingly, despite the strong evidence onsidé analyst
optimism, investors do not seem to properly adfastthis bias. For stocks that are associated
with high analyst optimism, the literature docunsemitial price overreaction to the rosy
forecasts, followed by mean-reversion when higlwgndails to materializé?

Because investors do not fully adjust for sell-aagalyst optimismthe ability to forecast
analyst bias for stocks can be a valuable tooirfeestors Frankel and Lee [1998] hypothesized
that analysts, like naive investors, can exhikatltiehavioral tendency to over-extrapolate recent
firm growth in making their own forecasts. Theyaafsund that growth-oriented stocks—those
with high P/B ratios, high past sales growth, amghHong-term earnings forecasts and ROE
forecasts—tend to experience high analyst optimisnthis paper, we identify two additional
stock characteristics—high volatility and high famd E/P—that predict analyst optimism. Our
variables, however, are motivated by rational arateyic analyst behaviors and not by analysts’
mistakes.

Although analysts are encouraged to produce rogcésts, they are also incentivized to
provide high-quality research and profitable stoeekommendations. Research finds that analyst
reputation drives brokerage order flol¥s. Research also supports that analyst promotioas ar
related to their relative forecast accuracy andptfeditability of their stock pick$® This finding,
according to Francis and Philbrick [1993], suggestemplex optimization problem for sell-side
analysts. Jackson [2005] claimed that an equilibraan exist in which sell-side analysts inflate
earnings growth forecasts, but these forecaststdrenformative. Empirical evidence seems to

12 See Ramnath, Rock, and Shane [2008] for a comprehensive review of the analyst forecast literature as well as a
suggested list of the unexplored questions in the literature.

13 See Francis and Philbrick [1993], Kang, O’Brien and Sivaramakrishnan [1994], Dugar and Nathan [1995], Lin
and McNichols [1998], Michaely and Womack [1999], and Dechow, Hutton and Sloan [2000].

14 See Dechow and Sloan [1997], Rajan and Servaes [1997], Dechow, Hutton and Sloan [1999], and
Purnanandam and Swaminathan [2004].

15 See Irvine [2004], Jackson [2005], and Cheng, Liu, and Qian [2006].

16 See Dechow, Hutton, and Sloan [2000] and Hong, Kubik, and Solomon [2000].
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support the informativeness of analyst researckpite of the observed bias: Kim, Lin, and
Slovin [1997] and Green [2006] found that earlyesscto sell-side analyst stock picks leads to
abnormal profits.

It is an interesting question to explore whethdksde analyst stock recommendations
are valuable when investors do not have privilegady access. In our paper, we are able to
extract information from analyst forecasts by exanyg the forward E/P for stocks based on the
sell-side analyst earnings forecast. We found statks with high forward E/P ratios based on
publicly available I/B/E/S analyst 12-month earmnfprecasts produced higher subsequent
12-month returns. This is a new finding in the s&lle analyst literature and is consistent with
earlier results supporting market under-reactioartalyst recommendations.

3. A Model of Analyst Behavior and an Explanation fdahe
Low-Volatility Puzzle

We propose a simple model to reconcile the empidbaervation that sell-side analyst earnings
forecasts are upward biased and unreliable on tleehand, yet are informative in producing

abnormal profits for investors on the other. Aligh sell-side analysts have been shown to
display over-optimism regarding firm earnings griowit is hard to believe that analyst forecasts
are arbitrarily positive. Analysts are presumabkylled and rational economic agents who
optimize their behaviors to satisfy competing otijes® Sell-side research, considered by
some to be valuablean drive significant brokerage trade floWsThus, because sell-side

research can influence client investment activjtiasalysts are rated and the rankings are

publicized. Presumably, research quality rankinggter to the employer investment banks.

17 Frankel and Lee [1998], using an accounting valuation method (the residual income model) based
on analyst forecasts, found that analyst forecasts are informative for predicting long-term returns.
Barber, Lehavy, McNichols and Trueman [2001] and Loh and Mian [2006] formed trading portfolios
based on published analyst recommendations and produced abnormal profits.

18 See Francis and Philbrick [1993].

19 See Brennan and Chordia [1993], Hayes [1998], Conrad, Johnston, and Wahal [2001] and Irvine [2000].

6



Theoretical and empirical research support the ighéisat forecast accuracy and stock

recommendations are linked with analysts’ promatiand turnoves°

On the flip side, theories and empirical evidentso asuggest that relationships with
investment banking clients and prospects couldugnite analysts to bias their earnings growth
forecasts upward and to set target stock pricekehighan they otherwise woutt.So, how
might a skilled sell-side analyst achieve the carpbjective of producing rosy earnings growth
forecasts without appearing obviously biased ahthesame time, providing profitable trading
recommendations to clients?

We propose a simple model of analyst behavior gratiuces both (1) the observed
cross-sectional pattern in which high-volatilitypaits experience high analyst forecast bias and
(2) forecasts that are informative for trading. alyime that analysts are skilled at ascertaining
the mean and standard deviation of earnings grdevtthe stocks they cover. These analysts
need to produce quality research and profitabl@emecendations to further their careers and
reputations, while at the same time remaining $@ssito senior management’s desire to
maintain investment banking relationships. We {pitsit there is an equilibrium behavior such
that all analysts inflate their reported growthirastes upward by, say, half a standard deviation
in order to (1) be investment banking busineséig? and (2) avoid detection for inflating
growth forecasts in certain situations.

This equilibrium behavior would predict higher gtbworecast bias for firms with higher
earnings growth variability and would, in turn, gie higher return volatility for these firms.
This prediction is consistent with our empiricalding that high-volatility stocks are associated
with high analyst forecast bias. Further, becamgdence suggests that investors do not fully
appreciate the upward bias, and thus overreachatyst optimism in the short run, volatile
stocks tend to be overvalued and experience lowesjent returns.  This could then explain, in
part, the documented underperformance of high-Nioyegtocks.

Our simple model also posits that analysts expraeksble information in their forecasts

in order to signal their skill to clients and maeagent,but they strategically obfuscate the

20 See Mikhail, Walther, and Willis [1999], Hong, Kubik, and Solomon [2000], and Clarke and Subramanian
[2006].

21 See Dugar and Nathan [1995], Lin and McNichols [1998] and Clarke, Khorana, and Rau [2004].

22The literature primarily focuses on the relationship between analyst earnings forecast inflation and the
investment banking client relationship. Evidence also exists, however, that investment banks use inflated
earnings growth to justify high price targets and strong buy recommendations in order to encourage more
trading for their brokerage businesses (see Irvine [2000]).

7



information in an attempt to provide client-friepdhflated forecasts. If true, this suggests that
profitable trading information can be potentiallacked out of biased analyst forecasts;
investors simply need to decode the analyst sigmaie effectively. We know that analysts
overwhelmingly prefer to communicate equity attrgatess using E/P ratié3,so we can
interpret the forward E/P ratio as a proxy for thealyst’'s private information on the
attractiveness of a stock.

In our research, we find that stocks with high farsv E/P forecasts outperform stocks
with low forward E/P forecasts. Thus, while the gdex strategic behavior of analysts leads to
persistent upward bias and poor reliability in gs&’ published growth forecasts, we find
evidence that analysts are still able to commuaigaluable recommendations through forward
E/P forecasts. Our new evidence that analystmare skilled than would be suggested by their
lack of forecasting accuracy is, if anything, adigating discovery for sell-side analysts, given
the prevailing industry wisdom regarding the vabii¢heir research.

4. Data

Our global equity dataset represents a broadeselatiaan has been used in previous research on
the low-volatility premium puzzle; specifically, vexpand the global dataset to include emerging
markets. We use the I/B/E/S database to gathereosuos analyst earnings forecasts. For each
stock in the I/B/E/S database, the consensus emtiarecast is generally provided for at least
the next two fiscal years. At the start of eadtdi year, the database records the reported
previous fiscal year earnings per share (EPS) &udraports the consensus fiscal year-end EPS
forecast for the current fiscal year and the folloyvfiscal year. Table 1 shows the I/B/E/S
monthly data structure for Company A, which hasiszdl year ending in September. At
month-end October 2000, the database records edaltPS for the prior fiscal year (1999) as
well as the consensus forecast for the currendlfigear (2000), which ends September 2001, and
the next fiscal year (2001), which ends Septemi@®22 We denote the prior fiscal year as
FYO, the current fiscal year as FY1, and the nisctt year as FY2.

23 See Block [1999], Bradshaw [2004] and Demirakos, Strong, and Walker [2004].
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Table 1. I/B/E/S Consensus Forecast for Company A

Date PrWicéu:dE;:S\j;\l Year GurreEn: Fiscal\Year Next Fisrcal “(ear FY0 Realized GDI‘IZ-::I-E-US Gonz,:isus
T nd (FY1J End (FY2) EPS EPS Forecast  EPS Forecast
Jun—-2000 Sep-1999 Sep—2000 Sep-2001 135 193 218
Jul-2000 Sep-1999 Sep—2000 Sep-2001 1.35 195 225
Aug—-2000 Sep-1999 Sep—2000 Sep-2001 135 195 275
Sep—2000 Sep-1999 Sep—2000 Sep-2001 135 195 275
Oct—2000 Sep—2000 Sep—2001 Sep-2002 1.76 121 139
Nowv—2000 Sep—2000 Sep—2001 Sep—2002 176 119 1.39

A key variable of interest is the analyst forechss for current fiscal-year EPS.
Analyst forecast bias is simply the time-seriesrage of the forecast errors or the differences
between the consensus EPS estimates and the sebseealized EPS numbers. Operationally,
we define the forecast error for Company A assediatith the month of October 2000 as the
12-Month-Forward Realized EPS minus the 12-Monthaaod Consensus EPS Forecast. The
forward consensus EPS is the time-weighted averfilpe current and next year’s consensus EPS,
and the forward realized EPS is also the time-wemjhaverage. Because EPIS neither
standardized (ER$jives no information for making cross-sectionainparisons) nor stationary
(EPS generally grows over time and is unbounded), wexteto work with a transformed
variable, EP#BPS _ 1. Dividing earnings per share by book value peresltaeates a variable
that is standardized across stocks and is statioB®S/BPS _; is also referred to as the return on
shareholder equity, or RQE

We do not have an explicit interest in ROE. Weraegely interested in standardizing the
EPS variable so that it can be more meaningfully coregamon a cross-sectional and
inter-temporal basis. Other transformations, ackPS/Assetr EPS/Sales, would accomplish
the same goal and produce similar analyses. We dbéine earnings growth d€PS2 months
forward— EPQast 12 mont}d BPS.  We do not use the traditional definitioneafnings growth, ERS
months forwardEP Sast 12 monthsPeCaUse EPS can often be negative and can ssigieh from year to

24 Here and hereafter, all subindex ¢ are not necessary because the context makes the interpretation obvious.
Incidentally, £— 1 means the prior fiscal year, not the previous month.
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year, so that the resulting growth rate measuremantbecome difficult to interprét. For
example, two extremely opposite earnings growtHilpss—$2 per share last year declining to
—$2 per share versus —$2 per share growing to $3haee—would result in the same growth
rate, which is clearly undesirable for our econoretxamination.

Corporate accounting data are sourced from Worfsls@nd total return data are from
IDC Exshares. The sample period for our study rarfgem January 1987 through December
2011 for developed countries and from December 188gugh December 2011 for emerging
countries?® ?" All return-related statistics are computed usingess returns, which are
calculated as the net return in excess of locaetmonth interest rates. Our universe of stocks
draws from the union of the MSCI and FTSE index rberships across all developed and
emerging market countriés.

Because we use I/B/E/S consensus and reported ERfIri study, our universe is
restricted to stocks for which both variables arailable. The average number of stocks in the
unrestricted universe is 3,308 and 910 for the ldgesl and emerging markets, respectively.
After eliminating stocks without consensus EPS,uhiwerse reduces to 2,846 for the developed
market$® and 537 for the emerging markets. We examineeffext of the sample selection
rules and conclude that they do not adversely eémibe our results. We do not report these tests
for the brevity of exposition. For robustness, ave repeated the tests with “winsorized”
outlier observations. We do not separately repoeseé results as our research appears to be
unaffected by outliers.

5. Portfolios Sorted on Volatility

Low-Volatility Premium in Developed and Emergingrikiss

We begin our analysis by examining the patternetdirns in the cross-section of global stocks,

25 In very rare situations, book value per share can also be negative. We discard data points with negative book

value per share.

26 Before January 1987 and December 1994, the numbers of stocks are too small.

27 For the study of analyst forecast biases, however, we need the next fiscal year realized earnings. This would
reduce the sample range up to December 2009.

28 We follow the definition of countries used by the MSCI World (Developed Countries) Index and Emerging
Markets Index.

29 The mean numbers of stocks are 1,138 for North America; 898 for Europe; 596 for Japan; and 214 for Asia
Pacific ex-Japan.
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sorted by volatility. At the end of each month, raek stocks based on their volatility using the
past five years of monthly data. We then repoet dhnualized buy-and-hold return for each
decile portfolio. We note, however, that in a sienglobal sort, the constituents for each
volatility decile could be dominated by a partieutauntry or global sector because stocks from
a particular country or industry sector may sharsimilar level of volatility. As a result,
country and/or sector effects can become indisisigible from the volatility effect.
Additionally, we observe that small-capitalizatistocks tend to be more volatile than average.
To adjust for the impact of country, sector, andnficharacteristics, we perform a global
volatility portfolio sort neutralizing these effact Specifically, we sort on adjusted volatility
using the following equation:

log(Vol ) = 4, [Size+ 5,0BP+ 3y OSD+> g U Cly +4, 1)

where Vol is the total volatility of stock measured from the previous 60 mont8ge is the
market capitalization at the end of the precedirumtim, SO; is a dummy variable for industrial
sector] (as classified by GICS 10 sectorS)ry;x is a dummy for countrl, and & is the adjusted
volatility residual net of the influences of countrsector, and firm characteristics. Using
Equation (1), we compute the adjusted volatility éach stock in our global universe and then
sort stocks into decile portfolios based on thisisteéd measure.

We report the returns and characteristics of thjaséed volatility portfolios in Table 2.
The decile portfolios D1 and D10, in the top pamelntain firms with the lowest and highest
adjusted volatilities, respectively, for the deysd markets. The quintile portfolios follow the
same format and report results for the emerginketsr For the developed markets, the returns
of the low-volatility portfolios are higher thanase of the high-volatility portfolios, and the
pattern is nearly monotonic. For the emerging miskthe low-volatility effect is not present
when we only examine the quintile returns. When inwgude the Sharpe ratio term, the
low-volatility puzzle is strong for both the devplxl and emerging market countries. We also
note that when we eliminate the 1994-1998 sampléogewhich was characterized by
unprecedented EM currency fluctuations, the lowatility effects are statistically stronger. This
pattern holds true for the global portfolios sorntesihg raw (unadjusted) volatilities, which we do
not separately report. These results are consigtiéimtwhat was reported by Blitz and van Vliet
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[2007] and Frazinni and Pedersen [2011]. Thesdtsesonfirm that the low-volatility effect is
robust globally and is not subsumed by the standaed and value anomalies or driven by

country or industry differences.

Analyst Forecast Bias and Stock Volatility

In this section, we examine the portfolio charastms associated with the various volatility
decile portfolios. Table 3 reports the descripthtatistics such as book-to-price (B/P), earnings
growth variability, average market capitalizaticamd so forth for the stocks in the decile
portfolios. In addition, we report statistics onalyst earnings growth forecasts, subsequent
realized growth, and analyst forecast bias. Agaie,only report the statistics of portfolios
formed on adjusted volatility, noting that the lésare similar using raw volatilities.

Because the influences from countries, sectors fiamdcharacteristics are neutralized in
the portfolio construction process, it is not sigipg that the average market-cap and B/P
characteristics are similar across the decile plio. The country and industry allocations are
similar as well, but are not displayed in TableoBlrevity. First, we observe that the earnings
growth forecast biases, as measured by (ERshs-forward forecast EP 2-months-forward realizgdBPS,
are positive on average for stocks, meaning thalyats are systematically over-optimistic
regarding future corporate earnings growth. T&isonsistent with the literature on upward bias
in sell-side analyst forecasts. Additionally, wéserve that the low-volatility portfolios
generally have lower forecasted earnings growthmassured by (ERSmonths-forward forecasr
EPSast-12-months realizgBPS, but do not generally display lower realizeanings growth as
measured by (ERSmonths-forward realizet EP $ast-12-months realizgBPS.  This observation suggests an
interesting pattern of analyst bias in the crossise—analysts seem to be more optimistic on
the more volatile stocks!

A Model of Sell-Side Analyst Behavior

The observation that return volatility is crosstgswlly correlated with analyst bias in earnings
growth forecasts is a new empirical finding, whadmntributes to the literature on analyst forecast
bias as well as to the literature on the low-vbtgtpremium. Because this paper is empirical in
nature, we propose a plausible story to rationalids finding, but do not propose testable
implications of the story to ascertain its validdgainst competing hypotheses.

12



As we discussed earlier, sell-side analyst behavaoe thought to be influenced by their
desire (1) to maintain good relationships with stweent banking clients and prospects, (2) to
avoid damaging their reputation with brokeragentBenvho subscribe to analyst research reports,
and (3) to achieve high rankings against otheryatsin published quality rankings.

Empirical evidence supports the fact that sell-sialysts have superior abilities to
analyze public information and are adept at prauycvaluable private information on
companies. It is not unreasonable to model armbstskilled at estimating the distribution of
next-period earnings growthg, , for firms they cover. Note that realized earsimgowth, §,,
is a random variable drawn from a distribution witkean g, and standard deviatiow, .
More formally, each analystproduces a forecast of,; and g,;. The true skill of an analyst is
determined by the deviation over time betwegn and the unobserved true meap,. Since
g,; cannot be observed, the skill of analystan only be estimated by the average difference
between his forecasf),; and the realizedg,; over time® Finally, analysts report a biased

forecast, G, instead of their true private informatior, ;.

We assume that the utility function of the analyst§l) increasing in the “optimism of
the reported growth forecast,” d& ,—§,;; (2) decreasing in the “detectability of the fast
bias,” or (G;;—,;)/ J,;; and (3) decreasing in distortion in valuationuaecy of the forecast, or
|[EPS(G,)/P. — EPSTG;)/P:|, where EPY G;)/P; is the forward E/P based on the reported
forecast G, and EPSQ,)/P; is the forward E/P based on the true forecgst Although
these assumptions are naive and incomplete agptests of reality, they are consistent with the
empirical evidence on analysts’ behaviors and itices.

If the variability of earnings growthg,, for firm i is extremely low, then large bias,
G,;—0,;, would be easy for brokerage clients to detect.eBonometrically savvy investor can
detect whether an analyst has been “pumping” gpocles through highly inflated forecasts (over
the lastT periods) by testing if%Z(Gt’i - g)/ﬁT is significantly larger than zero, wherg,
and g, are the realized earnings growth and variabilithnalyst stock recommendations are
usually justified by valuation multiples based amward earnings. As a result, analysts would
not want to inflate reported5; and next year's earninggPY G;) so significantly that an
unattractive stock (with lowEPS('g;) /P; based on the analyst’s true forecast) appeaexhite.

Without writing a formal mathematical model, we pim state that a repeated game

30 For simplicity, we assume that each analyst covers only one firm.

13



equilibrium exists whereby all analysts inflateithheported earnings growth forecasts relative to
their private unbiased growth estimateskiymes earnings growth variability. The scafais
determined by (1) the benefit to the analyst franprioving/maintaining investment banking
client/prospect relationships through “friendly”ttmoks, (2) the risk of being accused of “pump
and dump” by brokerage clients, and (3) the bendéfdm providing quality stock
recommendations to brokerage clients. Intuitivatythis equilibrium, analysts inflate growth
forecasts by a careful amount to avoid losing diéith outright and to ensure that their forecasts
can still result in forward E/P ratios, which legadyood buy/hold/sell recommendations.

Theoretically, return volatility has a positiveagbnship with earnings growth variability,
which we confirm empirically in Table 3. This theaggests that more volatile stocks are more
likely to receive greater analyst inflation in eags growth forecasts. Since investors are
documented to overreact to analyst growth forecasts model predicts low returns for
high-volatility stocks.

6. Forward E/P and Stock Returns

High Forward E/P = High Returns

Another prediction of our simple model is that &®evith analyst-forecasted high forward E/P

ratios will outperform stocks with low forward EfRtios. In Table 4a, we show that developed
market stocks in the top decile, as sorted by atddyecasted forward E/P ratios, produce a 6%
higher annualized return than those in the botterilel The Sharpe ratios for the top and bottom
deciles are 0.48 and 0.19, respectively. SimiJddy emerging market stocks, the top quintile

stocks outperform the bottom quintile by nearly 1p& annum (a Sharpe ratio of 0.73 versus
0.35)%

The forward E/P ratio can be interpreted as a foolanalysts to communicate the
attractiveness of stocK8.In the bottom panel of Tables 4a and 4b, we shathe information
contained in an analyst's forward E/P is not substinby the Fama—French return model,
specifically, stocks that analysts find attractue three of the top four deciles for developed

31 The emerging markets data are likely significantly more noisy than the developed markets data.
This might contribute to the lack of monotonicity in the returns and the Sharpe ratios of the sorted
portfolios.

32 See Demirakos, Strong, and Walker [2004].
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markets and in the top quintiles for emerging mimkdisplay significant Fama—French alphas.
Brokerage clients with advanced access to anagstarch and recommendations appear to
achieve better investment performance.

Tables 4a and 4b show that the analyst-earningstigrforecast bias is increasing in the
forward E/P. This is another novel empirical fdtat we introduce into the literature. This
observation suggests that analysts inflate theirgsngrowth forecasts more aggressively for
stocks that they find attractive from a forward Ey@&spective and do not tend to inflate the
earnings as aggressively for stocks they find tdelss attractive. On average, for stocks that
analysts find most attractive in the developed m@rtop decile by forward E/P), the upward
growth bias is 7%, and in the emerging markets ¢iptile), the bias is 6%. This behavior is
consistent with our simple model in which the astlgrefers to inflate earnings as much as
possible without losing credibility with clients.For stocks that analysts believe are likely to
produce great returns, inflating earnings aggrebgiig less likely to create a poor experience for
clients who trade on analyst forecasts.

Volatility and Forward E/P Double-Sorted Portfolios
To summarize our findings and to explore any padéninteractions, we perform an
unconditional double sort on volatility and forwdP. We report the portfolio statistics in Table
5a for developed markets and in Table 5b for emgrgnarkets. The new discovery that we
make is that the low-volatility effect is much mgrenounced for the low forward E/P stocks.
In the developed markets, for low forward E/P sgydke lowest volatility portfolio has a Sharpe
ratio of 0.42 and the highest volatility portfol@as a Sharpe ratio of 0.11, a difference of 74%.
For high forward E/P stocks, the Sharpe ratiogerlowest and highest volatility portfolios are
0.63 and 0.45, respectively, a difference of 28%h. the emerging markets, we observe the same
pattern. For low forward E/P stocks, the low wiitgt portfolio has s Sharpe ratio of 0.39
compared to a Sharpe ratio of 0.26 for the higlatidly portfolio, which is a 33% difference,
and for high forward E/P stocks, the correspon@hgrpe ratios are 0.61 and 0.55, respectively,
a 9% difference.

Table 6 reports the corresponding Fama—French slfdrathe double-sorted portfolios.
The results show a general pattern in which alm@raslarge for high forward E/P stocks and
low-volatility stocks and are small for low forwaElP stocks and high-volatility stocks. This
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result can be interpreted in the following way. r#ard E/P is a proxy for analysts’ valuable
private information, which is communicated onlyth®ir brokerage firm’s clients. Empirical

evidence also shows that investors underreact &bysts’ stock recommendations, and this
makes the forward E/P information from the |/B/Eff&atabase valuable for creating
outperformance.

Volatility is a proxy for analyst bias. Conventarwisdom indicates that investors have
some awareness of the sell-side analyst bias,mpirieal evidence suggests that investors still
substantially overreact to analyst optimism (or emappreciate the size of the analyst bias).
The degree to which investors over- or underreadifferent aspects of the analyst research
report is succinctly captured in the cross-sectipastern of the Fama—French alphas presented
in Table 6. We believe this particular findingisvel and contributes to the empirical literature
on investor over/under-reaction to the releasenafyast research.

5. Conclusions

The contributions of this paper are mainly empirigge want to be careful not to overstate the
significance of our theoretical contribution. Giveur emphasis on the empirical results, we
attempt to contribute to the literature by offeripausible explanations for the low-volatility
puzzle and the sell-side analyst behaviors discugseughout the paper.

Our empirical results both confirm and extend therkwof other researchers. We
confirm the findings of low-volatility returns inlgbal developed and emerging markets. When
we explore possible linkages between the low-Mthatiindings and analyst forecasts, we find
several interesting results. We find evidence #wll-side analysts are strategic in how they
inflate earnings growth forecasts for stocks. sltwell accepted that sell-side analysts have
incentives to provide optimistic forecasts, and irthpositive bias has a very specific
cross-sectional pattern. First, they tend to ieflaarnings growth forecasts for more volatile
stocks. We hypothesize that this is becausehtider for clients to detect inflation in growth
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forecasts for stocks that have highly volatile gfow Second, analysts tend to more
aggressively inflate growth forecasts for stockat tthey have strong positive information on.
We suspect that this is because clients are lesly fio complain about overly optimistic growth
forecasts for stock recommendations that proveetprbfitable.

These strategic behaviors by analysts can exppartially, the low-volatility premium.
High-volatility stocks are more likely to receiveone inflated earnings forecasts. Because
investors are tend to overreact to analyst optinaachare generally willing to overpay for stocks
with high analyst bias, this would predict low mets for high-volatility stocks. More
interestingly, we find that analyst forecasts, whiiased upward, do result on average in the
correct stock picks for their clients. Specifigakstocks with forecasted high forward E/P ratios
tend to outperform stocks with forecasted low fav&/P ratios. The high E/P stocks also
produce sizeable positive Fama—French alphas. Ilfsivee document that the low-volatility
effect is significantly stronger for low forwardfE&tocks than for high forward E/P stocks.

Our empirical findings are novel and add to theréiture on analyst behavior. They also
provide greater richness to and expand on the krvass-sectional pattern of volatility premia.
Finally, they provide insights into a plausible nemechanism that uses sell-side analyst
behaviors to explain the low-volatility premium. .
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Roger G. Ibbotson and Peng Chen

In the study reported here, we estimated the forward-looking long-term
equity risk premium by extrapolating the way it has participated in the real
economy. We decomposed the 1926-2000 historical equity returns into
supply factors—inflation, earnings, dividends, the P/E, the dividend-
payout ratio, book value, return on equity, and GDP per capita. Key
findings are the following. First, the growth in corporate productivity
measured by earnings is in line with the growth of overall economic
productivity. Second, P/E increases account for only a small portion of the
total return of equity. The bulk of the return is attributable to dividend
payments and nominal earnings growth (including inflation and real
earnings growth). Third, the increase in the equity market relative to
economic productivity can be more than fully attributed to the increase in
the P/E. Fourth, a secular decline has occurred in the dividend yield and
payout ratio, rendering dividend growth alone a poor measure of corporate
profitability and future growth. Our forecast of the equity risk premium is
only slightly lower than the pure historical return estimate. We estimate
the expected long-term equity risk premium (relative to the long-term
government bond yield) to be about 6 percentage points arithmetically and
4 percentage points geometrically.

umerous authors are directing their
efforts toward estimating expected

literature following the seminal work of Mehra and
Prescott (1985).2 The fourth group has relied on

returns on stocks incremental to bonds.!

These equity risk premium studies can
be categorized into four groups based on the
approaches the authors took. The first group of
studies has attempted to derive the equity risk
premium from the historical returns of stocks and
bonds; an example is Ibbotson and Sinquefield
(1976a, 1976b). The second group, which includes
our current work, has used fundamental informa-
tion—such as earnings, dividends, or overall eco-
nomic productivity—to measure the expected
equity risk premium. The third group has adopted
demand-side models that derive expected equity
returns through the payoff demanded by investors
for bearing the risk of equity investments, as in the
Ibbotson, Diermeier, and Siegel (1984) demand
framework and, especially, in the large body of

Roger G. Ibbotson is professor of finance at Yale School
of Management, New Haven, Connecticut. Peng Chen,
CEA, is vice president and director of research at Ibbotson
Associates, Chicago.
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opinions of investors and financial professionals
garnered from broad surveys.

In the work reported here, we used supply-
side models. We first used this type of model in
Diermeier, Ibbotson, and Siegel (1984). Numerous
other authors have used supply-side models, usu-
ally with a focus on the Gordon (1962) constant-
dividend-growth model. For example, Siegel (1999)
predicted that the equity risk premium will shrink
in the future because of low current dividend yields
and high equity valuations. Fama and French
(2002), studying a longer time period (1872-1999),
estimated a historical expected geometric equity
risk premium of 2.55 percentage points when they
used dividend growth rates and a premium of 4.32
percentage points when they used earnings growth
rates.? They argued that the increase in the P/E has
resulted in a realized equity risk premium that is
higher than the ex ante (expected) premium. Camp-
bell and Shiller (2001) forecasted low returns
because they believe the current market is over-
valued. Arnott and Ryan (2001) argued that the
forward-looking equity risk premium is actually
negative. This conclusion was based on the low
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current dividend yield plus their forecast for very
low dividend growth. Arnott and Bernstein (2002)
argued similarly that the forward-looking equity
risk premium is near zero or negative (see also
Arnott and Asness 2003).

The survey results generally support some-
what higher equity risk premiums. For example,
Welch (2000) conducted a survey of 226 academic
financial economists about their expectations for
the equity risk premium. The survey showed that
they forecasted a geometric long-horizon equity
risk premium of almost 4 pps.* Graham and Har-
vey (2001) conducted a multiyear survey of chief
financial officers of U.S. corporations and found
their expected 10-year geometric average equity
risk premium to range from 3.9 pps to 4.7 pps.”

In this study, we linked historical equity
returns with factors commonly used to describe the
aggregate equity market and overall economic pro-
ductivity. Unlike some studies, ours portrays
results on a per share basis (per capita in the case
of GDP). The factors include inflation, EPS, divi-
dends per share, P/E, the dividend-payout ratio,
book value per share, return on equity, and GDP
per capita.6

We first decomposed historical equity returns
into various sets of components based on six meth-
ods. Then, we used each method to examine each
of the components. Finally, we forecasted the
equity risk premium through supply-side models
using historical data.

Our long-term forecasts are consistent with the
historical supply of U.S. capital market earnings
and GDP per capita growth over the 1926-2000
period. In an important distinction from the fore-
casts of many others, our forecasts assume market
efficiency and a constant equity risk premium.”
Thus, the current high P/E represents the market’s
forecast of higher earnings growth rates. Further-
more, our forecasts are consistent with Miller and
Modigliani (1961) theory, in that dividend-payout
ratios do not affect P/Es and high earnings-reten-
tion rates (usually associated with low yields)
imply higher per share future growth. To the extent
that corporate cash is not used for reinvestment, we
assumed it to be used to repurchase a company’s
own shares or, perhaps more frequently, to pur-
chase other companies’ shares. Finally, our fore-
casts treat inflation as a pass-through, so the entire
analysis can be done in real terms.

Six Methods for Decomposing
Returns

We present six different methods for decomposing
historical equity returns. The first two methods
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(especially Method 1) are based entirely on histor-
ical returns. The other four methods are methods
of the supply side. We evaluated each method and
its components by applying historical data for
1926-2000. The historical equity return and EPS
data used in this study were obtained from Wilson
and Jones (2002).8 The average compound annual
return for the stock market over the 1926-2000
period was 10.70 percent. The arithmetic annual
average return was 12.56 percent, and the standard
deviation was 19.67 percent. Because our methods
used geometric averages, we focus on the compo-
nents of the 10.70 percent geometric return. When
we present our forecasts, we convert the geometric
average returns to arithmetic average returns.

Method 1. Building Blocks. Ibbotson and
Sinquefield developed a “building blocks” model
to explain equity returns. The three building blocks
are inflation, the real risk-free rate, and the equity
risk premium. Inflation is represented by changes
in the U.S. Consumer Price Index (CPI). The equity
risk premium for year ¢, ERP;, and the real risk-free
rate for year t, RRf;, are given by, respectively,

1+R, 4
1+ Rf, -
R, —Rf,
1.+ Rf;

ERP,

and

1+ Rf,
1+CPI,
Rf, - CPI,
1+CPL "~

RRf,
2)

where R;, the return of the U.S. stock market, rep-
resented by the S&P 500 Index, is

R;= (1 +CPL)(1 + RRf,)(1+ ERP,) -1 3)

and Rf; is the return of risk-free assets, represented
by the income return of long-term U.S. government
bonds.

The compound average for equity return was
10.70 percent for 1926-2000. For the equity risk
premium, we can interpret that investors were
compensated 5.24 pps a year for investing in com-
mon stocks rather than long-term risk-free assets
(such as long-term U.S. government bonds). This
calculation also shows that roughly half of the total
historical equity return has come from the equity
risk premium; the other half is from inflation and
the long-term real risk-free rate. Average U.S.
equity returns from 1926 through 2000 can be
reconstructed as follows:”
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R = (1+CPI)(1+RRf)1+ERP)~1
10.70% = (1 +3.08%) x (1 + 2.05%) x (1 +5.24%) - 1.

The first column in Figure 1 shows the decom-
position of historical equity returns for 1926-2000
according to the building blocks method.

Method 2. Capital Gain and Income. The
equity return, based on the form in which the return
is distributed, can be broken into capital gain, cg,
and income return, Inc. Income return of common
stock is distributed to investors through dividends,
whereas capital gain is distributed through price
appreciation. Real capital gain, Rcg, can be com-
puted by subtracting inflation from capital gain.
The equity return in period t can then be decom-
posed as follows:

Ry =[(1 + CPL)}(1 + Reyy) - 1] + Inc; + Rinwy, 4)

where Rinv is reinvestment return.

The average income return was calculated to
be 4.28 percent in the study period, the average
capital gain was 6.19 percent, and the average real
capital gain was 3.02 percent. The reinvestment
return averaged 0.20 percent from 1926 through
2000. For Method 2, the average U.S. equity return
for 1926-2000 can thus be computed according to

R = [(1+6ﬁ)(1+Rtg)—1]+h—1c+Rinv

10.70% = [(1 +3.08%) x (1 + 3.02%)-1] + 4.28% + 0.20%.

The second column in Figure 1 shows the
decomposition of historical equity returns for
1926-2000 according to the capital gain and income
method.

Method 3. Earnings. The real-capital-gain
portion of the return in the capital gain and income
method can be broken into growth in real EPS,
SREPS and gI‘OVVth in P/E, gl’/E:

[)
P

i
t-1

P/E, r E, )
Prfl" Et—l 'Efal'

Reg,

-1

(L +8p,p ) +8rpps ) - 1.

Therefore, equity’s total return can be broken into
four components—inflation, growth in real EPS,
growth in P/E, and income return:

R, = [(A+CPI)(1 +8reps (1 +8p g ) —1]

s (6)
+ Inc, + Rinw,.

The real earnings of U.S. equity increased 1.75
percent annually between 1926 and 2000. The P/E,
as Figure 2 illustrates, was 10.22 at the beginning
of 1926 and 25.96 at the end of 2000. The highest
P/E (136.50 and off the chart in Figure 2) was
recorded during the Great Depression, in Decem-
ber 1932, when earnings were near zero, and the
lowest in the period (7.07) was recorded in 1948.
The average year-end P/E was 13.76.1°

Figure 1. Decomposition of Historical Equity Returns by Six Methods, 1926—2000

Percent
it |
10 -
INC

8 lE ERP . .

5.24
7
6 —
5 RCG

RRF 3.02 g(RBV) ¢(GDP/POP)
A 2.05 1.46 2.04
3 [ [EostsEuy:
2
1

1. Building Blocks

2. Capital Gain
and Income

3. Earnings

4. Dividends 5. Book on Equity 6. GDP per Capita

Notes: The block on the top of each column is the reinvestment return plus the geometric interactions among the components. Including
the geometric interactions ensured that the components summed to 10.70 percent in this and subsequent figures. The table that
constitutes Appendix A gives detailed information on the reinvestment and geometric interaction for all the methods.
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Figure 2. P/E, 1926-2000
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The U.S. equity returns from 1926 and 2000 can
be computed according to the earnings method as
follows:

R = [(1+CPI)1+greps N1 +8p,£)—1]

+ Inc+ Rino
10.70% = [(1 +3.08%) x (1 + 1.75%) x (1 + 1.25%) - 1]
+ 4.28% + 0.20%.

The third column in Figure 1 shows the decom-
position of historical equity returns for 1926-2000
according to the earnings method.

Method 4. Dividends. In this method, real
dividends, RDiv, equal the real earnings times the
dividend-payout ratio, PO, or
RDiv, )

PO, ’

REPS, = 7)
therefore, the growth rate of earnings can be calcu-
lated by the difference between the growth rate of
real dividends, ¢rp;,» and the growth rate of the
payout ratio, ¢pp:

(1+8rpiv,)
(1+8po.p)

(1+8reps.t) = (8)

If dividend growth and payout-ratio growth
are substituted for the earnings growth in Equation
6, equity total return in period t can be broken into
(1) inflation, (2) the growth rate of P/E, (3) the
growth rate of the dollar amount of dividends after
inflation, (4) the growth rate of the payout ratio,
and (5) the dividend yield:

L+ 8rDiv.¢t
B = [(1 +CP1,)(1+31,,E‘,)(———1+gm )_1] s

+ Inc, + Rinv,.
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Figure 3 shows the annual income return (div-
idend yield) of U.S. equity for 1926-2000. The divi-
dend yield dropped from 5.15 percent at the
beginning of 1926 to only 1.10 percent at the end of
2000. Figure 4 shows the year-end dividend-payout
ratio for 1926-2000. On average, the dollar amount
of dividends after inflation grew 1.23 percenta year,
while the dividend-payout ratio decreased 0.51 per-
cent a year. The dividend-payout ratio was 46.68
percent at the beginning of 1926. It had decreased
to 31.78 percent at the end of 2000. The highest
dividend-payout ratio was recorded in 1932, and
the lowest was the 31.78 percent recorded in 2000.

The U.S. equity returns from 1926 through
2000 can be computed in the dividends method
according to

R s LI 4
R = {<1+CP1)(1+g,, L,(ﬂ 71}

+8&po /

+ Inc+ Rinv

10.70% =

oy o (1 1.23%)
[(1+3.08m)x(1+LZSm]X\\l_0-5]‘_"’“/J— }

+ 4.28% + 0.20%.

The decomposition of equity return according to
the dividends method is given in the fourth column
of Figure 1.

Method 5. Return on Book Equity. Earn-
ings can be broken into the book value of equity,
BV, and return on the book value of equity, ROE:

EPS; = BV,(ROE,). (10)

The growth rate of earnings can be calculated
from the combined growth rates of real book value,
8RBV, and of ROE:

1+ greps,t = (1 + grpv,t)(1 + 8ROE, 1)- (11)
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Figure 3. Income Return (Dividend Yield), 1926-2000
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Figure 4. Dividend-Payout Ratio, Year-End 1926-2000

Dividend Payout Ratio (%)

140
120 {
100

80 \

20 +

0 1 1 L 1 L L

AL\

| i 1 | 1 1 1

25 30 35, 40 45 50 55

6b ' 70 75 80 85 90 95 00

Note: The dividend-payout ratio was 190.52 percent in December 1931 and 929.12 percent in December

1932.

In this method, BV growth and ROE growth
are substituted for earnings growth in the equity
return decomposition, as shown in the fifth column
of Figure 1. Then, equity’s total return in period t
can be computed by

R, = [(1+CPL)1 +gp,e )1+ &rgv )1+ 2roe N —1] (12)

+ Inc, + Rinv,.

We estimated that the average growth rate of
the book value after inflation was 1.46 percent for
1926-2000."! The average ROE growth a year dur-
ing the same time period was calculated to be 0.31
percent:

R = [(1+CPD(1+gp,p)(1 +gg)(1+ groe) - 1]
+ Inc+ Rinv
10.70% = [(1+3.08%)(1+ 1.25%)(1 + 1.46%)(1 + 0.31%) - 1]

+ 4.28% + 0.20%.

Method 6. GDP per Capita. Diermeier et
al. proposed a framework to analyze the aggregate
supply of financial asset returns. Because we were
interested only in the supply model of the equity
returns in this study, we developed a slightly dif-
ferent supply model based on the growth of eco-
nomic productivity. In this method, the market
return over the long run is decomposed into (1)
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inflation, (2) the real growth rate of overall
economic productivity (GDP per capita, ggpp;
pop). (3) the increase in the equity market relative
to overall economic productivity (the increase in
the factor share of equities in the overall economy,
¢rs), and (4) dividend yields.!? This model is
expressed by the following equation:

Ry =1+ CP’».)” +8cppsrop, (1 +8Fs )= 1] a3

+ Inc, + Rinv,.

Figure 5 shows the growth of the U.S. stock
market, GDP per capita, earnings, and dividends
initialized to unity ($1.00) at the end of 1925. The
level of all four factors dropped significantly in the
early 1930s. For the whole period, GDP per capita
slightly outgrew earnings and dividends, but all
four factors grew at approximately the same rate. In
other words, overall economic productivity
increased slightly faster than corporate earnings or
dividends over the past 75 years. Although GDP per
capita outgrew earnings and dividends, the overall
stock market price grew faster than GDP per capita.
The primary reason is that the market P/E increased
2.54 times during the same time period.

Average equity market return can be calcu-
lated according to this model as follows:

R = [(1+CPD(1 +gcpp,pop)(l +8rs) —11

+ Inc+Rino
10.70% = [(1+ 3.08%)(1 +2.04%)(1 + 0.96%) - 1]
+ 4.28% + 0.20%.

We calculated the average annual increase in the
factor share of the equity market relative to the

overall economy to be 0.96 percent. The increase in
this factor share is less than the annual increase of
the P/E (1.25 percent) over the same time period.
This finding suggests that the increase in the equity
market share relative to the overall economy can be
fully attributed to the increase in its P/E.

The decomposition of historical equity returns
by the GDP per capita model is given in the last
column of Figure 1.

Summary of Equity Returns and Com-
ponents. The decomposition of the six models
into their components can be compared by looking
at Figure 1. The differences among the five models
arise from the different components that represent
the capital gain portion of the equity returns.

This analysis produced several important find-
ings. First, as Figure 5 shows, the growth in corpo-
rate earnings has been in line with the growth of
overall economic productivity. Second, P/E
increases accounted for only 1.25 pps of the 10.70
percent total equity return. Most of the return has
been attributable to dividend payments and nomi-
nal earnings growth (including inflation and real
earnings growth). Third, the increase in the relative
factor share of equity can be fully attributed to the
increase in ’/E. Overall, economic productivity
outgrew both corporate earnings and dividends
from 1926 through 2000. Fourth, despite the record
earnings growth in the 1990s, the dividend yield
and the payout ratio declined sharply, which ren-
ders dividends alone a poor measure for corporate
profitability and future earnings growth.

Figure 5. Growth of $1 from the Beginning of 1926 through 2000

1925 = $1.00

1,000.00 ——

100.00

10.00

1.00

0.10 =

%91
g4 $44

%J(\
7 $24

o (VO [T TEeSey e | 1 | 1 A, Il [ 1 Il

25 30 35 40 45 B0 85 60 65 70 75 80 85 90 95 00

Capital Gain
........... GD[)/ PO l)

Earnings

————— Dividends

January/February 2003 93

e e e e ——
Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Financial Analysts Journal

Long-Term Forecast of Equity
Returns

Supply-side models can be used to forecast the
long-term expected equity return. The supply of
stock market returns is generated by the productiv-
ity of the corporations in the real economy. Over the
long run, the equity return should be close to the
long-run supply estimate. In other words, investors
should not expect a much higher or a much lower
return than that produced by the companies in the
real economy. Therefore, we believe investors’
expectations for long-term equity performance
should be based on the supply of equity returns
produced by corporations.

The supply of equity returns consists of two
main components—current returns in the form of
dividends and long-term productivity growth in
the form of capital gains. In this section, we focus
on two of the supply-side models—the earnings
model and the dividends model (Methods 3 and
4).13 We studied the components of these two mod-
els by identifying which components are tied to the
supply of equity returns and which components
are not. Then, we estimated the long-term, sustain-
able return based on historical information about
these supply components.

Model 3F. Forward-Looking Earnings.
According to the earnings model (Equation 6), the
historical equity return can be broken into four
components—the income return, inflation, the
growth in real EPS, and the growth in P/E. Only
the first three of these components are historically
supplied by companies. The growth in P/E reflects
investors’ changing predictions of future earnings
growth. Although we forecasted that the past sup-
ply of corporate growth will continue, we did not
forecast any change in investor predictions. Thus,
the supply side of equity return, SR, includes only
inflation, the growth in real EPS, and income
return:!4

SR, = [(1+CPI)(1+greps ) — 11+ Inc,+ Rinv,. (14)

The long-term supply of U.S. equity returns
based on the earnings model is 9.37 percent, calcu-
lated as follows:

SR = [(1+CPI)(1+8pzps) - 1] + Inc + Rinv
9.37% = [(1+3.08%)(1+1.75%)— 1]+ 4.28% + 0.20%.
The decomposition according to Model 3F is com-
pared with that of Method 3 (based on historical

data plus the estimated equity risk premium) in the
first two columns of Figure 6.

Figure 6. Historical vs. Current Dividend-Yield Forecasts Based on Earnings and Dividends Models

Percent
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Notes: Inc(00) is the dividend yield in year 2000. FG is the real earnings growth rate, forecasted to be 4.98 percent. Model 4F; corrects
Model 4F as follows: add 1.46 pps for M&M consistency and add 2.24 pps for the additional growth, AG, implied by the high current

market P/E.
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The supply-side equity risk premium, ERP,
based on the earnings model is calculated to be 3.97
pps:

ERP = (1 +SR)

(1+CPI)(1 + RRf)
1+ 9370'4» 1¥
(1+3.08%)(1 + 2.05%)
3.97%.

-1

Il

The ERP is taken into account in the third column
of Figure 6.

Model 4F. Forward-Looking Dividends.
The forward-looking dividends model is also
referred to as the constant-dividend-growth model
(or the Gordon model). In it, the expected equity
return equals the dividend yield plus the expected
dividend growth rate. The supply of the equity
return in the Gordon model includes inflation, the
growth in real dividends, and dividend yield.

As is commonly done with the constant-
dividend-growth model, we used the current divi-
dend yield of 1.10 percent instead of the historical
dividend vyield of 4.28 percent. This decision
reduced the estimate of the supply of equity returns
to 5.44 percent:

SR = [(1+CPI)(1 +ggps) — 11+ [nc(00) + Rinv
554% = [(1+3.08%)(1 +1.23%) ~ 1] + 1.10% + 0.20%,

where Inc(00) is the dividend yield in year 2000. The
equity risk premium was estimated to be 0.24 pps:
ERD = (1+SR) 1
(1+ CPID)(1 + RRf)
_ 1+554% I
(1+3.08%)+ (1 +2.05%)
0.24%.

Figure 6 allows a comparison of forecasted
equity returns including the equity risk premium
estimates based on the earnings model and the
dividends model. In the next section, we show why
we disagree with the dividends model and prefer
to use the earnings model to estimate the supply-
side equity risk premium.

Differences between the Earnings Model
and the Dividends Model. The earnings model
(3F) and the dividends model (4F) differ in essen-
tially two ways. The differences relate to the low
current payout ratio and the high current P/E.
These two differences are reconciled in what we
will call Model 4F, shown in the two right-hand
columns of Figure 6. First, to reflect growth in
productivity, the earnings model uses historical
earnings growth whereas the dividend model uses
historical dividend growth. Historical dividend
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growth underestimates historical earnings growth,
however, because of the decrease in the payout
ratio. Overall, the dividend growth underesti-
mated the increase in earnings productivity by 0.51
pps a year for 1926-2000. Today’s low dividend
yield also reflects the current payout ratio, which is
at a historical low of 31.8 percent (compared with
the historical average of 59.2 percent). Applying
such a low rate to the future would mean that even
more earnings would be retained in the future than
in the historical period studied. But had more earn-
ings been retained, the historical earnings growth
would have been 0.95 pps a year higher, so (assum-
ing the historical average dividend-payout ratio)
the current yield of 1.10 percent would need to be
adjusted upward by 0.95 pps.

By using the current dividend-payout ratio in
the dividend model, Model 4F creates two errors,
both of which violate Miller and Modigliani theory.
A company’s dividend-payout ratio affects only
the form in which shareholders receive their
returns (i.e., dividends versus capital gains), not
their total returns. The current low dividend-
payout ratio should not affect our forecast. Compa-
nies today probably have such low payout ratios to
reduce the tax burden on their investors. Instead of
paying dividends, many companies reinvest earn-
ings, buy back shares, or use the cash to purchase
other companies.15 Therefore, the dividend growth
model has to be upwardly adjusted by 1.46 pps
(0.51 pp plus 0.95 pp) so as not to violate M&M
theory.

The second difference between Model 3F and
Model 4F is related to the fact that the current P/E
(25.96) is much higher than the historical average
(13.76). The current yield (1.10 percent) is at a his-
toric low—because of the previously mentioned
low payout ratio and because of the high P/E. Even
assuming the historical average payout ratio, the
current dividend yield would be much lower than
its historical average (2.05 percent versus 4.28 per-
cent). This difference is geometrically estimated to
be 2.28 pps a year. In Figure 6, the additional
growth, AG, accounts for 2.28 pps of the return; in
the last column, the forecasted real earnings growth
rate, FG, accounts for 4.98 pps. The high PP/E could
be caused by (1) mispricing, (2) a low required rate
of return, and/or (3) a high expected future earn-
ings growth rate. Mispricing as a cause is elimi-
nated by our assumption of market efficiency, and
a low required rate of return is eliminated by our
assumption of a constant equity risk premium
through the past and future periods that we are
trying to estimate. Thus, we interpret the high P/E
as the market expectation of higher earnings
growth and the following equation is the model for
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Model 4F,, which reconciles the differences
between the earnings model and the dividends
model:'®

SR = [(1+CPD(1 +gzpip)(1-8po) - 1]
+ Inc(00)+ AY + AG + Rinv

9.67% = [(1+3.08%)(1+1.23%)(1+0.51%)—1]
+ 1.10% + 0.95% + 2.28% + 0.20%.

To summarize, the earnings model and the
dividends model have three differences. The first
two differences relate to the dividend-payout ratio
and are direct violations of M&M. The third differ-
ence results from the expectation of higher-than-
average earnings growth, which is predicted by the
high current P/E. Reconciling these differences rec-
onciles the earnings and dividends models.

Geometric vs. Arithmetic. The estimated
equity return (9.37 percent) and equity risk pre-
mium (3.97 pps) are geometric averages. The arith-
metic average, however, is often used in portfolio
optimization. One way to convert the geometric
average into an arithmetic average is to assume the
returns are independently lognormally distributed
over time. Then, the arithmetic average, R4, and
geometric average, R, have roughly the following
relationship:

Ry = Rg+ 5, (15)
where 6 is the variance.

The standard deviation of equity returns is
19.67 percent. Because almost all the variation in

equity returns is from the equity risk premium,
rather than the risk-free rate, we need to add 1.93
pps to the geometric estimate of the equity risk
premium to convert the returns into arithmetic
form, so R4 = Rz +1.93 pps. The arithmetic average
equity risk premium then becomes 5.90 pps for the
earnings model.

To summarize, the long-term supply of equity
return is estimated to be 9.37 percent (6.09 percent
after inflation), conditional on the historical aver-
age risk-free rate. The supply-side equity risk pre-
mium is estimated to be 3.97 pps geometrically and
5.90 pps arithmetically.17

Conclusions

We adopted a supply-side approach to estimate the
forward-looking, long-term, sustainable equity
return and equity risk premium. We analyzed his-
torical equity returns by decomposing returns into
factors commonly used to describe the aggregate
equity market and overall economic productivity—
inflation, earnings, dividends, P/E, the dividend-
payout ratio, BV, ROE, and GDP per capita. We
examined each fa