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Abstract

Systematic (CAPM beta) risk forecasting for long horizons, such as six months
and one year, play an important role in financial management. This paper evaluates
a variety of beta forecasting procedures for these long forecast horizons. The widely
utilized Fama-MacBeth approach based on five years of monthly returns is found to be
unreliable in terms of mean absolute (and squared) forecast error and statistical bias.
The most accurate forecasts are found to be generated from an autoregressive model
of realized beta. In addition to analyzing the statistical properties of these forecasts,
the economic significance between the different approaches is demonstrated through

evaluating investment projects.
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1 Introduction

Accurate forecasts at long horizons, such as one year, of the Capital Asset Pricing Model!
(CAPM) beta play an important role in financial management, including cost of capital
estimation and performance measurement. Beta forecasts are usually generated through
estimation of the slope coefficient from a linear regression of individual stock returns onto
a constant and market index returns, typically with five years of monthly data as in Fama
and MacBeth (1973). This method of estimating beta forecasts is the baseline for many
empirical studies using the CAPM and for numerous professional advisers on beta such as
Bloomberg, Reuters, Standard & Poors and Value Line.

Motivated from advances in the financial econometrics of volatility measurement, namely
realized volatility measurement, see Andersen et al. (2001a), Andersen et al. (2001b) and
Andersen et al. (2003), CAPM realized betas were developed in the work of Barndorff-Nielsen
and Shephard (2004), Andersen et al. (2005) and Andersen et al. (2006). These betas are
computed over a period from a sufficiently high number of intra-period returns and are
econometrically consistent over a fixed interval. In recent studies, CAPM realized betas
have served as a benchmark to evaluate the accuracy of beta forecasting approaches, see for
example, Hooper et al. (2008), Chang et al. (2012), Reeves and Wu (2013), Papageorgiou
et al. (2016) and Cenesizoglu et al. (2016). In a forecast evaluation study with realized betas
computed over 6 months and one year, this paper evaluates the standard Fama and MacBeth
(1973) forecasting approach with proposed forecasting procedures based on realized beta
estimation. Chang et al. (2012) also study the same long forecast horizons for beta as this
paper, however, their forecasting approach is restricted to settings where there is availability
of accurate stock option data. Whereas, our study is mainly restricted only on the basis of

availability of accurate daily stock return data, thus has far greater general applicability.

see Sharpe (1964) , Lintner (1965) and Mossin (1966).



The primary aim of this paper is to evaluate (both statistically and economically) the
performance of a variety of models for forecasting long horizon beta. To accomplish that
we implement two major classes of realized beta models (constant and autoregressive) and
compare their forecasting accuracy with the industry standard Fama-Macbeth beta. Our
study uses daily data from 1%% January 1952 to 31 December 2011 for 15 stocks from
the DJIA index, and with the DJIA index as the market portfolio. By measuring forecast
performance through Mean Absolute Forecast Error (MAE), Mean Squared Forecast Error
(MSE) and by testing for bias in the forecasts, we find that the industry standard Fama-
MacBeth beta has not only a forecast error much larger than the other time-series model,
but it is also downward biased, under-estimating the future value of beta.

We also test the forecast ability of realized betas constructed from varying lengths from
6 months up to 60 months of daily data and also implement five specifications of an autore-
gressive realized beta model, with lags 1 up to 5. Our general finding is that both constant
realized betas and autoregressive models outperform the constant Fama-Macbeth beta in
terms of MAE and MSE. The best constant method, realized beta with 18 months of daily
data, reduces the mean absolute error by 26.5% (25.7%) for 6 month (one year) forecasts,
and the best autoregressive, the AR(1), reduces it by 30.3% (29.8%) for 6 month (one year)
forecasts, when compared to the standard Fama-MacBeth beta. In addition, we also perform
Mincer-Zarnowitz regressions (see Mincer and Zarnowitz (1969)) to test whether predictions
from forecasting models are biased. We find that the constant realized beta models and au-
toregressive realized beta models not only reduce forecasting error, but are also less biased
than Fama-MacBeth betas, which are downward biased. Overall, we find an autoregressive
model of realized beta with one lag, to be statistically unbiased, leading this model to be
our preferred approach.

Our study focuses on Dow stocks due to their very high liquidity which permits the use of

daily historical return data going back to 1952. However, our conclusions are not restricted



to Dow stocks, with conclusions extending to other stocks that are sufficiently liquid that
allow accurate daily return measurement. This set of stocks has been constantly increasing
over time with overall improvements in market liquidity and typically includes sets of stocks
such as those currently trading in the S&P 500 index, where for most stocks, daily returns
over a number of years can be relied upon.

In addition to the statistical results, this paper demonstrates strong economic significance
in an application to cost of capital measurement and evaluating investment projects. In
these applications, the Fama-MacBeth betas again result in downward biases and greater
variability in cost of capital measurements which distort net present value calculations.
Whereas, realized beta and autoregressive models display more favourable performance.

This paper is organized as follows: Section 2 reviews the realized beta estimator and
discusses approaches to forecast beta at long horizons. Section 3 describes the data sources
and sample of US stocks. Section 4 is on the empirical forecast performance of the various
approaches for both the 6 month and one year forecast horizons. Section 5 demonstrates
the economic significance between the different forecasting approaches through evaluating

investment projects. The final section concludes the paper.

2 Realized Betas and Forecasting Approaches

In this section, we first discuss the estimation and theoretical justification of realized beta
estimators. We then discuss the popular beta forecasting approach of Fama and MacBeth

(1973) and new approaches to forecasting long horizon betas utilizing realized beta estimates.

2.1 Realized Beta Measurement

We firstly briefly review the realized beta estimator and its theoretical justification that

was developed and discussed in Barndorff-Nielsen and Shephard (2004) and Andersen et al.



(2006). Suppose that prices follow a multivariate continuous-time stochastic volatility diffu-

sion, with the N x 1 logarithmic vector price process p,
dpt = /,l/tdt + etth (1)

where 4, is the vector of instantaneous drift, €, = 6,6, is the diffusion (variance-covariance)
matrix and W; represents a vector of standard Brownian motion innovations. The variance-
covariance matrix and the drift vectors are not correlated with the Brownian motion process
and are strictly stationary. To facilitate the interpretation, we can think of N as the number
of stocks plus the market index with the N** element containing information of the index
and each i*" element with information on stocks. By defining a time interval (for example, a
day or month) and denoting it A we define 744p, , = prn, —pr as the continuously compounded
return in this period.

The realized beta of a period can be defined as the realized covariance between a security
and the market index divided by the realized variance of the market. With A being the
sampling frequency, or the size by which we divide the h period, the realized covariance

during a time interval h, at time ¢t 4 h, of a security ¢ and the market index M is defined as:

ViMirh = § TittiAA TN i+j AA (2)
j=1. /Al

and the realized market variance as:
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The realized beta as the ratio of the realized covariance to the realized market variance is



then:

R Z Tit+j.AA " TN t+5.A A h
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This equation shows that finely sampled realized beta converges in probability to the true
latent beta. This CAPM realized beta is equivalent to a linear regression of stock intra-period
returns on market intra period returns with the suppression of the constant term.

In this paper we use equation 4 in the computation of realized betas which serve as
benchmarks in the evaluation of forecasts, with h defined as 6 months or one year and A
defined as daily. This follows the realized beta construction in the forecast evaluation study
of Chang et al. (2012) at the 6 months and one year horizons. A number of other beta
forecast evaluation studies, at shorter forecast horizons, have also utilized realized betas, see
for example, Hooper et al. (2008), Reeves and Wu (2013), Papageorgiou et al. (2016) and
Cenesizoglu et al. (2016).

In general, important considerations need to be taken into account in realized beta mea-
surements. Most importantly, the A sampling frequency should not be too high relative to
the liquidity of the asset, to avoid poor return measurement which leads to bias (typically
downward) in the beta measurement.? It is also the case that the h period is often chosen
with consideration given to capturing the time-varying nature of beta. The length of the A
period also must be long enough (relative to the A sampling frequency) to ensure a sufficient

number of return observations so that the variability of the beta estimates is controlled.

2Dimson (1979) betas are sometimes utilized in settings where the return measurement is too high relative
to the liquidity of the asset. In these estimations with leads and lags of betas, some of the bias can be corrected
however, this typically comes at the cost of greater variability in the beta estimates.



2.2 Forecasting Approaches

The standard approach in long horizon beta forecasting follows that of Fama and MacBeth
(1973) where the beta forecast is the regression slope coefficient from 5 years of monthly stock
returns regressed onto a constant and the market returns. The popularity of this approach
can be attributed to its simplicity and that Fama and MacBeth (1973) is a seminal paper in
the financial economics literature.

In addition to this standard approach, this paper also studies forecasting approaches
based on realized beta estimates. These realized beta approaches are based on estimations
over various prior periods and include autoregressive modeling.> The first set of realized
beta models that we study are constant realized beta models. In this group of models the
forecast of beta for the next period is generated using the prior realized beta. The forecasting

equation takes the form:

Bit+1 = RBetajipn (5)

where 7 indexes each firm, ¢ indexes the time at which the forecast is made and n represents
the number of months of prior daily data used to compute the realized beta. We calculate
realized betas with n equal to 6, 12, 18, 24, 48 and 60 months, denoted by 6M *, 12M, 18M,
24M, 48M and 60M.

We also apply several specifications of the AR(p) model, computed on half-yearly and

yearly realized betas formed from daily returns, with the general form:

p
Bio= o+ > Gibisy + e € ~iid0,0%) t=1,2,...,n. (6)

j=1
where p denotes the number of lags of the realized betas used in the forecast. In this

paper we use p = 1,...,5 with three different in-sample estimation sizes. For the 6-month

3 Andersen et al. (2005) and Andersen et al. (2006) were the first in depth studies of autoregressive models
for CAPM realized betas, which was done at the monthly and quarterly frequencies.
46M is only used to forecast six-month-ahead betas.



forecast we estimate AR(p) models with 40 and 60 observations and for the yearly forecast
we estimate AR(p) models using 30 observations. These autoregressive models are then

utilized to generate one-step-ahead forecasts.

3 Data

We calculate realized betas from daily returns for 15 US companies with the Dow Jones
Industrials Average (DJIA) index as the market portfolio. Equity data is sourced from CRSP
through Wharton Research Data Services (WRDS) and the DJIA index from Datastream.
We use the return series from CRSP which adjusts for capital structure events as well as for
cash dividends at the ex-dividend date. In order to be included in the sample a company
has to be listed in the DJIA index as of 31 December 2011 and needs to have complete
daily return information going as far back as the 1950’s. With this criteria we were able to
collect daily data from 15 large US companies from 15 January 1952 to 315 December 2011

which gives us a time-series with 60 years (or 120 half-years) of realized betas.

4 Empirical Forecast Performance

In this section we first discuss the methodology to our evaluation of competing beta fore-

casting approaches, followed by the presentation and discussion of empirical results.

4.1 Methodology

In our study we calculate realized betas following Barndorff-Nielsen and Shephard (2004)
and Andersen et al. (2006) from equation 4 once every half-year (or year for the one-year-
ahead forecasting sample) in order to have a sample of realized betas with non-overlapping

windows of daily returns. The realized beta is calculated at the last trading day of June



and December for the 6-month realized beta series and the last trading day of December for
the yearly series. The out-of-sample forecast evaluation period for the half-year forecast is
the 55 half-years starting from the second half of 1984. For the yearly forecast, the forecast
evaluation period starts in 1987 and contains 25 years of forecasting periods.

The one period ahead forecast of beta, (3,1, generated by each model for each company
is compared with the benchmark beta, which we define as the 6-month (or one year) realized
beta calculated with daily returns at that given date. As betas are used by both executives
of companies as well as external analysts, it is hard to define a preferred direction of forecast
error (over or under estimation of the true value).® Hence, our baseline measures of forecast
ability of the models - mean absolute error (MAE) and mean squared error (MSE) - are

based on a symmetric, quadratic and absolute, loss function as follows:

I &K, —~
MAE, = EZ|ﬁi,j_ﬁi,j| (7)
=1
I &, —~
MSE;, = EZ(@‘J—@'J)Q (8)
=1

where m is the total number of forecasting periods, ¢ indexes each company, BA] is the forecast
for the j period beta and f3; is the 6-month (yearly) realized beta calculated from daily
returns in the 5% period.

In addition, to evaluate the presence of systematic bias in the forecast of each model,
we follow the seminal work of Mincer and Zarnowitz (1969) and estimate a regression of the

next period’s realized beta on the current forecast of beta:

SErrors in beta forecasting are not particularly worse if positive or negative because it will, in either
case, lead to incorrect inference on cost of capital calculation which can be bad or good depending on
the use. For example, if beta is used as an input when defining a hurdle rate for investment projects, on
one hand overestimation of beta could lead to higher capital cost and thus a lower (or negative) present
value of projects, which would be erroneously discarded. On the other hand, and following the same logic,
underestimation could lead to approval of projects with true negative present value.
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Birn = &+ YBrsnft + Cithlh (9)

where ¢ represents the current time period and the forecast is made for a h-step ahead (in
this paper h is always 1). With the parameters of this regression estimated, we test the joint
hypothesis

Hy:a=0,vy=1

of no systematic bias in forecast. We also test individually the null hypotheses Hy : a = 0
and Hy : 7 = 1 to investigate the origin of the bias. In the individual test, if « = 0 we
can conclude that there is no systematic bias, and if v = 1 the forecast can be considered

efficient.

4.2 Results

In this section we present and discuss the main results of both the 6 month and the one year
ahead forecasts of beta. First, we look at the time-series of realized betas in figures 1 and
2 which display features of stationarity. In particular, over the stocks, betas have not risen
since the 1950’s, indicating that the chose of daily return measurement was still appropriate
for these stocks in the early part of the sample as it did not generate a downward bias in the
beta measurements. It is also important to consider the dynamic structure of realized betas
when modelling its behaviour, and consequently, estimating next period’s value. With that
in mind the Autocorrelation (ACF) and Partial Autocorrelation (PACF) functions of realized
betas were calculated for our entire sample. These are not displayed in this paper due to
space limitations, though these are available from the authors upon request. These functions
suggest that the structure of realized betas are better modelled by low order autoregressive
processes as the PACFs usually cut-off after lag 1 and ACF's slowly decay.

We now move to the results regarding the forecast ability of the models ranked as con-
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tenders in this paper. In table 1 we present the values of the mean absolute error for the
6-month-ahead forecast. We present the numbers for each model for each company and then
the average of each model. The first column is the standard FM beta used as a forecast
for the next period. Columns 2 to 7 present different specifications of the constant realized
beta model, columns 8 o 12 present five specifications of the AR(p) model with in-sample
parameters estimated over 40 periods (half-years) and in columns 13 to 17 the AR(p) models
with 60 in-sample estimation periods. We highlight in each row, the best performing model
within each category (constant and autoregressive).

For the half-year forecast we have consistent results across all models by measuring
forecast precision by either MAE or MSE, though displayed tables are only for MAE due to
space limitations. The FM beta is the worst performer of all models in the overall average
as well as in individual companies where it is the model with highest error in 13 (12) out of
15 companies in terms of MAE (MSE). Realized beta with 18 months of daily data is the
constant model with smallest error in the overall average of MAE and MSE, although it is
not the model with smallest error in the largest number of companies. Using this model to
forecast beta for 6 months ahead yields a reduction of 43.55% in MSE (24.87% in root mean
squared error®) and 26.54% in MAE compared to using FM beta. For both sample sizes of
the AR(p) models, 40 and 60 in-sample estimation periods, the models with one lag have the
smallest error. The AR(1) model with 60 in-sample estimation periods is the best model of
all categories in terms of lower MSE with an overall square error of 0.0537 that represents a
reduction of 48% (or 27.89% in root mean squared error) compared to FM beta while AR(1)
with 40 in-sample estimation periods has an overall MSE of 0.0540 for a reduction of 47.71%
(or 27.69% in root mean squared error) versus FM beta. In terms of MAE, the model with
smallest error of all is the AR(1) with 40 in-sample estimation periods with an absolute error

of 0.1763, or a reduction of 30.28% to FM beta, while AR(1) with 60 in-sample estimation

6Root mean squared error is calculated by taking the square root of average MSE for each model.
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periods has an overall MAE of 0.1764, or a reduction of 30.24% compared to FM beta.

Next, in table 2 we present the values of the mean absolute error for the one-year-
ahead forecast. The first column is the standard FM beta used as a forecast for the next
period. Columns 2 to 6 present different specifications of the constant realized beta model
and columns 7 o 11 present five specifications of the AR model with in-sample parameters
estimated over 30 periods (years). We highlight in each row, the best performing model
within each category (constant and autoregressive).

Firstly though, in terms of MSE, the FM beta performs worse in all situations having the
highest MSE in 10 of 15 firms and the largest overall MSE. Amongst the constant models
the realized beta calculated with 24 months of daily data has the lowest average MSE and
also the lowest MSE in 5 of 15 companies. Compared to the FM beta, using the 24M
realized beta provides a reduction of 41.44% in MSE (23.48% in root mean squared error ).
Moving to the autoregressive specifications, the model with 1 lag is the best amongst the
AR(p) models in 10 of 15 companies and has the smallest overall MSE, with a reduction of
46.18% in MSE (26.64% in root mean squared error) when compared to FM betas used for
forecasting purposes.

The results from MAE are mostly consistent with those from MSE. The standard FM
beta is again the worst performer overall. Amongst the AR(p) models, the model with 1
lag is again the best performer with average MAE of 0.1670 which represents a reduction
in absolute forecast error of 29.82% in comparison with the FM beta. The results from the
constant models are slightly different in terms of MAE with the model with realized betas
calculated over 18 months of daily data (18M beta) now being the model with smallest overall
error, a MAE of 0.1768, with a reduction of 25.71% compared with FM beta. However, this
model is the best performer of all constant models in only 3 of 15 companies and its overall
value is very similar to that of 24M beta.

In tables 3 and 4 we compare the summary statistics of the best forecasting models
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(in terms of MAE and MSE) of the AR(1) models, with that of the standard constant
Fama-MacBeth beta model. For each company we report the number of observations, or
out-of-sample forecasting evaluation periods, the mean, standard deviation, minimum and
maximum of forecast error. The error in forecast is the difference between the estimated
beta at time ¢ and the realized beta at time ¢ + 1 with time measured either in half-years or
years.

For the 6 month forecast (table 3) we find that the dispersion of forecasting error is
much larger when using the constant FM beta to forecast next period’s stock beta. Here the
standard deviation of forecast errors using the FM model is the largest, when compared to
those of both AR(1) specifications, in 14 out of 15 stocks. Additionally, FM betas calculated
as the standard in the literature again have the largest range of error with values ranging
from -0.93 to 1.20, while the two autoregressive specifications have values from -0.87 to 0.95
and -0.84 to 0.91 (with 40 and 60 in-sample estimation periods, respectively).

Similar results are found for the forecasts of betas for one year, see table 4. The FM
beta model has a larger standard deviation than the AR(1) for 11 out of the 15 US stocks
in our sample. Moreover, it has also the widest range of error with its global minimum
and maximum of -0.70 and 1.14 compared with those of -0.74 and 0.66 of the autoregressive
model. These results support initial findings that using an autoregressive specification for
realized beta improves forecasting ability when estimating stocks betas one year in advance
when compared to the standard practice in industry.

Having analysed the error characteristics of several classes of models, leading to a pre-
liminary conclusion that the AR(1) is the best model in terms of smallest errors (with the
constant model with 18 months also performing well in terms of MAE and MSE), we now
analyse additional statistical properties of constant and autoregressive models, in compar-
ison with the standard FM beta, by implementing the methodology introduced in Mincer
and Zarnowitz (1969).

14



When implementing the Mincer-Zarnowitz (MZ) regression we first analyze potential
presence of bias in the forecast. To achieve that we test the joint null hypothesis that «
equals zero and v equals one simultaneously. We do that by conducting an F-test where the
unrestricted model is the regression of the actual values on the forecasts and the restricted
model is built by applying the restrictions of & = 0 and v = 1 to the MZ equation.” In order
to further investigate the characteristics of each model’s forecast, we also want to investigate
whether the bias, if any, comes from the intercept («) or from the slope (7).

First we analyse the bias in forecasts for the 6 months scenario in tables 5, 6 and 7. For
each model we have three columns: The first two columns present the regression coefficients
a and v with individual tests of significance where bold values highlight rejection of the null
at the 5% level; the third column shows the p-values of the joint hypothesis of systematic
bias and again bold values are rejection from the null at the 5% significance level, or bias in
the forecast. Here the problems with using the industry standard FM beta to forecast next
period’s beta is evident, with all companies presenting bias in the forecast with very strong
rejection of the joint null hypothesis (in 14 of the 15 companies the rejection is significant
at 1% or better). The positive significant values of o are indication that the FM betas
understate the value of realized beta one period ahead. The constant realized beta models
are also mostly biased with the bias reducing, almost monotonically, with the increase in
number of months. The best model in terms of MAE and MSE, the 18M beta, is biased
in 10 of the 15 companies, however, due to its performance in MAE and MSE, this is still
considered the best constant model.

We next analyse the bias in autoregressive models where we find substantial improve-
ment. Starting with AR(p) models with 40 periods of in-sample estimation, we can see that

the models with 2 and 3 lags are the best with only 1 biased result amongst 15 companies.

"The errors in the restricted model are essentially the forecasting errors of the MZ equation when re-
stricted: yi1n = 0+ 1y;yp)e + up with y being in our study the stock betas.
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Although not the best in terms of bias, the AR(1) model still does a good job with only 3 bi-
ased companies. This model also presents strong support of the null when it is unbiased with
all p-values higher than 20%. The final results of bias are in table 7 with the autoregressive
models with 60 in-sample estimation periods. The AR(1) model is the best overall model for
the 6 month forecasts with bias in only one company, Caterpillar, and strong support of the
null of no bias with p-values as high as 0.9824 in Merck for example. The other specifications
of the AR(p) model with 60 in-sample estimation periods also perform well in terms of bias
but when we consider the previous results in terms of MAE and MSE, the AR(1) is still the
best performing forecasting model.

Next, in tables 8 and 9 we report the results for the main models (FM, constant and
autoregressive) for 1 year forecasts. Here again we can see that the FM betas are mostly
biased. The forecast from this model is biased in 13 out of the 15 companies in the sample,
with the two companies whose null is not rejected at 5% (Chevron and Caterpillar), still
having a p-value under 10%. Most of the time the bias comes from both the intercept and
the slope of the regression with the positive a values, as in the 6 month scenario, suggesting
underestimation of the forecast. Moving to the constant realized beta models, we can see
a general improvement in the bias as we increase the length of the measure (from 12 to 60
months of daily returns). Both the 18M and the 24M models, the ones with lowest error
measured by MAE and MSE, perform better than the FM betas with only 6 out of 15
companies presenting systematic bias. The constant model which presents less bias is the
realized beta with 60 months of daily data with only 5 biased results. However, as this model
had relatively weak performance by MAE and MSE, the complete picture still indicates the
18M and 24M as the two most reliable constant models to forecast beta.

Moving to table 9 we can clearly see the improvement in bias reduction by using autore-
gressive models to forecast next period’s (one year ahead) betas. AR(p) models are the least

biased of all with the bias increasing with the number of lags used in the specification, again
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supporting the evidence that betas are at most autoregressive at one period. The AR(1)
model outperforms all others with only one incidence of bias in a company’s beta forecast,
namely Boeing. This again provides strong support for the choice of the AR(1) as the most
accurate beta forecasting model.

In summary, the analysis of forecasting bias using the Mincer-Zarnowitz regression pro-
vides additional support to the AR(1) as the most suitable forecasting model for both 6
months as well as yearly beta forecasts. The results also show a substantial bias in the

standard FM beta.

5 An Economic Example: Evaluating Investments

One of the most important applications of long range beta forecasting in finance is in cost
of capital calculations, see Pratt and Grabowski (2014). Graham and Harvey (2001), in a
survey regarding the practice of corporate finance, treats in length the estimation of the cost
of capital. The study surveys 392 US company executives about their practice on cost of
capital, capital budgeting and capital structure and document the widespread use of CAPM
as a capital budgeting tool in the US. The results show that 73.5% of their respondents
always or almost always use the CAPM and the authors also discuss that it had increased
in popularity from previous studies.

To illustrate the impact of our results in economic applications we analyse four investment
projects. The first three investment projects have the same initial investment of $8,000, a
time frame of 5 years, and a cash flow of $15,000 which differ only in the timing that cash
flows happen. In project A, cash is returned in equal amounts during the project of $3,000
per year. Project B has a decreasing cash generation over the five years of $5,000, $4,000,
$3,000, $2,000 and $1,000. While project C has an increasing cash generation over the five
years of $1,000, $2,000, $3,000, $4,000 and $5,000. The fourth project is a perpetual cash

17



flow (which is more similar to a going concern company) with an initial investment of $10,000
and a cash flow of $650 per year with indefinitely long duration.

In order to assess the economic effects of using different beta forecasts we calculate the
net present value (NPV) of all four projects for all companies across all time periods of the
out-of-sample evaluation period. In the NPV calculations we use a discount rate (r) from
CAPM assuming a 2% risk free rate and a 5.5% risk premium of the market over the risk

free rate, i.e. r = 2% + 5.5% and

C;
(1+7r)

NPV = —-Cy+ i
i=1

where Cj is the initial investment and C; is the cash flow in year 7.

For the one year sample we have 375 NPV values for each project/forecast method
combination. For the 6 month beta we have a total of 825 NPVs. The results are presented
in figures 3 and 4, which present the histogram of NPVs for each project for 6-month and one
year betas respectively, and in table 10 with the summary statistics. From table 10 we can
quantify this difference. In panel (a), one year betas sample, we can see that the difference
in the maximum values reach more than $14,000 and for the minimum values about $700 in
the perpetual project which has a mean NPV of -$961 and -$358 for AR(1) and FM beta,
respectively. We can also see a similar economic difference when looking at the 25" and
75" percentiles with the difference reaching approximately $500 for the 25" percentile in
the perpetuity. We can reach the same conclusion by looking at panel (b) where the dollar
value difference in NPVs reach as much as approximately $13,000 between AR(1) and FM
betas for the minimum values of the perpetuity and as much as approximately $500 for the
25" and 75" percentiles in the perpetual project.

Figures 3 and 4 reveal that for all four projects the NPVs calculated from the AR(1)
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forecast method have less extreme values than that calculated with FM betas, and are also
more concentrated around the mean. This is evidence that there is indeed a significant
economic difference in using each forecast method. These results provide us with sufficient
evidence that using the more accurate beta forecasting model by our econometric tests (the
AR(1) model of realized betas) can significantly change the investment, or project evaluation,
decision when compared to what is still the industry standard (the Fama-MacBeth beta

forecast).

6 Conclusions

Beta forecasting for long horizons is important to many firms, and particularly when firms
are calculating the cost of capital. In this paper we have demonstrated the inaccuracy of the
standard forecasting approach which follows Fama and MacBeth (1973), both from statistical
and economic perspectives. We also propose a new approach to long range beta forecasting
with an AR(1) model of realized beta, for in settings where at least 20 years of daily return
data is available, which has a relatively low mean absolute (and squared) forecast error and
is statistically unbiased.

In settings where accurate daily return data is available only for a limited historical
period, we find that a constant realized beta model based on the prior 18 months of daily
returns, produces forecasts with the lowest mean absolute (and squared) forecast error. How-
ever, these constant beta forecasts can often contain a significant statistical bias, highlighting
that additional historical data is important in long range beta forecasting for horizons of 6

months or one year.
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Table 2: MAE of One-Year-Ahead Forecast of Betas

Company FM 12M 18M 24M 48M 60M AR(1) AR(2) AR(3) AR(4) AR(5)
Coca Cola  0.3225 0.1366 0.1598 0.1640 0.1911 0.1889 0.1564  0.1685  0.1733  0.1717  0.1741
Du Pont 0.1306 0.1276 0.1171 0.1198 0.1086 0.1149  0.1074  0.1056  0.1030  0.1034  0.0992
Exxon 0.2661 0.2265 0.1876 0.1904 0.2257 02355 0.2016 0.2050 0.2123  0.2146  0.2244
GE 02290 0.1548 0.1674 0.1804 0.1860 0.1785  0.1191  0.1170  0.1121 0.1082  0.1180
IBM 02659 01399 0.1150 0.1094 0.1197 0.1278 0.1267  0.1274  0.1329  0.1353  0.1404
Chevron 02278 0.1975 0.1920 0.1971 02119 02189 0.1966  0.2055 0.2115  0.1974  0.2024
United Tech 0.2520 0.1334 0.1362 0.1315 0.1323 0.1400  0.1151  0.1142 0.1108  0.1277  0.1276
P&G 02248 01732 0.1819 0.1782 0.1588 0.1705 0.1686 0.1628  0.1832  0.1888  0.1957
Caterpillar  0.2417 0.2207 0.2438 0.2368 0.2466 0.2339 0.2177  0.2198 02243  0.2276  0.2342
Boeing 02895 0.2638 02754 0.2575 02989 02622 0.2532 02798  0.2883  0.2687  0.2640
Pfizer 02983 0.1732 0.1819 0.1922 01942 0.1811 0.1553  0.1584  0.1558  0.1568  0.1573
J&J 0.1917 0.1674 0.1708 0.1745 0.1663 0.1569  0.1824  0.1941 0.1701  0.1590  0.1690
3M 0.1485 0.1579 0.1362 0.1464 0.1475 0.1310 0.1188  0.1219  0.1221  0.1286  0.1296
Merck 02142 01741 0.1874 0.1731 0.1853 0.1799 0.1437  0.1484  0.1571  0.1678  0.1759
Alcoa 0.2663 0.2306 0.1992 0.2149 02122 02165 0.2422 02547 0.2612 02713  0.2781
Average 02379 01785 0.1768 0.1778 0.1857 0.1824 0.1670  0.1722  0.1745  0.1751  0.1793

This table shows the Mean Absolute Error of one-year-ahead beta forecasts for each company and the average for the entire
sample for each model: Fama-MacBeth; constant models of realized beta with varying estimation sizes (12, 18, 24, 48 and
60 months of daily data); Autoregressive models with 1-5 lags and an estimation size of 30 periods (years). The out of
sample evaluation starts from 1987 to 2011 with a total of 25 forecasting periods. Values in bold show the model with the
smallest MAE within each model class.
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Table 10: Summary Statistics of Net Present Value Calculations

(a) One Year Betas

5-year project A 5-year project B 5-year project C Perpetuity

AR(1) FM AR(1) FM AR(1) FM AR(1) FM

Mean 4,205 4,237 4,776 4,799 3,634 3,674 -961 -358

Std 301 612 245 500 356 725 1,201 3,011

Max 5,252 6,062 5,622 6,265 4,883 5,858 5,200 19,642

Min 2,815 2,406 3,628 3,283 2,003 1,529 -4,582  -5,211

25% 4,004 3,842 4,612 4,480 3,396 3,205 -1,792 -2,294

75% 4,386 4,640 4,923 5,130 3,848 4,151 -361 850

(b) 6 Month Betas
5-year project A 5-year project B 5-year project C Perpetuity

AR(1)-40p AR(1)-60p FM AR(1)-40p AR(1)-60p FM AR(1)-40p AR(1)-60p FM AR(1)-40p AR(1)-60p FM
Mean 4,208 4,210 4,227 4,778 4,779 4,791 3,638 3,640 3,662 -917 -899 -423
Std 334 345 608 272 282 496 395 409 720 1,355 1,415 2,881
Max 5,375 5,382 6,062 5,720 5,726 6,265 5,030 5039 5,858 6,462 6,547 19,642
Min 2,790 2,783 2,406 3,606 3,600 3,283 1,973 1,965 1,529 -4,625 -4,636  -5,211
25% 3,999 4,015 3,850 4,609 4,621 4,486 3,390 3,409 3,214 -1,806 -1,755 2,271
75% 4,388 4,300 4,641 4,925 4,927 5,130 3,851 3,854 4,152 -350 -340 854

This table presents the summary statistics for net present values for four sample investment projects for all 25 (55) out-of-
sample forecasting periods and all companies. Net present values are calculated with a discount rate given by the CAPM
with beta being the one year (6 month) forecast value of AR(1) and FM betas, a risk free rate of 2% per annum and a
market risk premium of 5.5%.

31



Figure 1: Time-series of 6-month realized betas
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This figure shows the time-series of realized betas calculated every half-year from daily returns data. The betas are calculated
at the end of the last trading day of the month of June and the last trading day of the year for each stock. Each individual
time series is comprised of 120 data points from 1952:1 to 2011:2.
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Figure 2: Time-series of one year realized betas
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This figure shows the time-series of realized betas calculated every year from daily returns data. The betas are calculated
at the end of the last trading day of the year for each stock. Each individual time series is comprised of 60 data points
starting from 1952 to 2011.
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Figure 3: Net Present Value Distributions of Four Sample Investments - 6 Month

Ahead Forecasts
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This figure shows the 6-month betas frequency distribution of net present values of four sample investment projects,
calculated for all companies for all 55 out-of-sample forecasting periods. Net present values are calculated with a discount
rate given by the CAPM with beta being the forecast value of AR(1) and FM betas, a risk free rate of 2% per annum and

a market risk premium of 5.5%.
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Figure 4: Net Present Value Distributions of Four Sample Investments - One Year

Ahead Forecasts
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This figure shows the one year betas frequency distribution of net present values of four sample investment projects,
calculated for all companies for all 25 out-of-sample forecasting periods. Net present values are calculated with a discount
rate given by the CAPM with beta being the forecast value of AR(1) and FM betas, a risk free rate of 2% per annum and

a market risk premium of 5.5%.
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