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Forecasting Fed Cattle, Feeder Cattle, and 
Corn Cash Price Volatility: The Accuracy 
of Time Series, Implied Volatility, and 
Composite Approaches 

Mark R. Manfredo, Raymond M. Leuthold, and 
Scott H. Irwin 

ABSTRACT 

Econonlists and others need estimates of future cash price volatility to use in risk man- 
agement evaluation and education programs. This paper evaluates the perfonnance of 211- 

ternntive volatility forecasts for fed cattle, feeder cattle, and corn cash price returns. Fore- 
casts include time series (e.g. GARCH). implied volatility from options on futures 
contract\, and composite specifications. The overriding finding from this research. consis- 
tent wiih the existing volatility forecasting literature, is that no single method of volatility 
for-ecasting provides superior accuracy across alternative data sets and horiyons. However, 
evidence is provided sugpe\tinp that risk managers and extension educators use composite 
methods when both time series ant1 implied volatilities are available. 

Key Words: c,onzpo.site , f i ) r . r c . c r . r t i t ~ ~ ,  irrrl~lied volntility, time series, voltrtility forc,c.rr.stit~g. 

Today, agribusiness managers have many risk 
management products available, including a 
plethora of derivatives ancl insurance products 
(e.g., Boehl-je and Lins). As a result, many ex- 
tension programs are re-orienting their focus 
towards risk management rather than tradition- 
al price forecasting. A good example is the 
A g R i ~ k ' ~ '  program developed at The Ohio 
State University and the University of Illinois 
at Urbi111;i-Champaign. A g R i ~ k " ~ '  is a tool that 
allows users to simulate harvest-time revenue 
di\tribution\ of grain farms with and without 
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using a variety of risk management strategies. 
While many volatility forecasting procedures 
are available (e.g. time series forecasts), the 
program relies on implied volatilities from op- 
tions on futures contracts to forecast the vol- 
atility of cash grain prices that is used in de- 
veloping the revenue distributions. 

Most volatility forecasting stitdies have fo- 
cused on the accuracy of implied volatility ver- 
sus time series forecasts. Implied volatility is 
often believed to provide the best prediction of 
future volatility since it is a forward looking, 
market-based forecast .  However,  G A R C H  
models (Generalized Autoregressive Condition- 
al Hetet-oskedasticity), in particular the 
GARCH ( I ,  1 ) model, have been found to be 
good specifications of conditional volatility for 
both tinancial assets and agricultural price re- 
turns (e.g., Bollerslev, Chou. and Kroner; Yang 



and Brorsen). Despite fitting the data well, the 
forecasting performance of GARCH models, 
especially relative to simple time series models 
and implied volatility, is often debated (e.g. 
Brailslix-d and Faff; Figlewski; Jorion). Com- 
posite forecasts. which can potentially enhance 
accuracy relative to individual forecasts (e.g. 
Clemen; Granger and Ramanathan; Park and 
Tomek), have been used little to forecast vol- 
atility. Overall, the literature suggests that no 
one particular method of forecasting the vola- 
tility of asset returns performs best over a wide 
array of data series and alternative forecast ho- 
rizons. Jackson, Maude, and Perraudin (p. 79) 
argue that "The forecastibility of volatilities 
and the sensitivity of the forecasts to different 
techniques depend very much on the return se- 
ries in question." 

Given this mixed evidence, it is important to 
understand the forecasting performance of dif- 
ferent volatility forecasts over alternative price 
series important to agribusinesses. For instance, 
the profitability of cattle feeding enterprises is 
vulnerable to fluctuations in fed cattle, feeder 
cattle, and corn cash prices (Schroeder et ul., 
Jones et al.). Understanding how various vol- 
atility forecasts perform for these key prices 
could help livestock risk managers and exten- 
sion educators develop comprehensive risk 
management strategies as well as simulation 
tools such as the AgRiskTM program. Therefore, 
the objective of this research is to determine 
the performance of alternative volatility fore- 
casting techniques for fed cattle, feeder cattle, 
and corn cash price returns. Volatility forecast- 
ing methods tested include time series, implied 
volatility from options on futures contracts, and 
composite ~uodels over short and long hori- 
zons. Testing the performance of a variety of 
forecasting procedures over multiple horizons 
provides a rigorous test of procedures that have 
been advocated and debated in the literature. 
Thus, the results of this research should prove 
valuable to those managers and economists 
who rely on measures of comnlodity price vol- 
atility, especially those involved with the cattle 
feeding industry. 

Price Volatility 

In a comprehensive review of the volatility 
forecasting literature, Figlewski provides a 

theoretical description of price volatility which 
he describes as being ". . . the standard way 
to model asset price behavior, both for deriv- 
atives pricing and in fillancia1 applications 
generally" (Figlewski, p. 4). Under the as- 
sumption of market efficiency, asset price 
movements can be described as a random walk 
process: 

where S, is the asset price, R, is the propor- 
tional change in asset price (return), k, is the 
conditional mean, and E, is a serially uncor- 
related random disturbance term (Figlewski). 
For option pricing purposes as well as risk 
measurement applications, equation ( I ) can be 
considered in a continuous time context where 
the time interval becomes infinitely sniall. The 
result is the well-known log diffusion process: 

where c/S is the instantaneous asset price 
change, p is the annualized mean return per 
time unit, tit is an infinitely small time inter- 
val, cr is the annualized instantaneous standard 
deviation or "volatility" o f  the return. and dz 
is geometric Brownian motion. Empirically, 
continuously compounded returns are defined 
as: 

where R, and S, are defined as before. Fig- 
lewski states that for finite time horizons ( h ) .  
the expected return of (2) is ph and the stan- 
dard deviation (volatility) is trV%. The impor- 
tant result here is that volatility increases by 
the square root of time (12). 

In practical risk management applications, 
high frequency data (e.g. weekly) are often 
used to create estimates of volatility. Fore- 
casters often rely on the time aggregation 
property of volatility (known as the V% rule) 
to create long-horizon forecasts of volatility 
(Figlewski: RiskMcrri~s"~). For exainple, if 



one was interested in the volatility of live cat- 
tle prices over the next four weeks. the esti- 
mate created from weekly data could be ex- 
tended to a four-week horizon by multiplying 
i t  by \ 2. The time aggregation of volatility is 
also important when working with implied 
volatility. Since implied volatility represents 
the annuali~ed standard deviation of the un- 
derlying asset over the remaining life of the 
option. itnplied volatility must be adjusted to 
match the desired forecast horizon.' 

To assess forecast performance a measure 
of realized volatility is needed. Since true ex- 
po.~t  volatility is not directly observable (An- 
derson and Bollerslev), a proxy for realized 
volatility must be used. One co~nmonly used 
measure that incorporates the time aggregation 
properties of volatility described above is: 

where ,tr,-,,, is the realized (total) volatility of 
price returns for commodity i over the time 
horizon t to t + h (e.g., 7 weeks, 4 weeks, etc.) 
and Rf is the squared return at time t of price 
return for commodity i consistent with the fre- 
quency of the data being used. This proxy of 
realized volatility is the variable of interest 
throughout this paper. 

Data 

In examining the performance of alternative 
volatility forecasting procedures, return series 
of the relevant cash prices are needed. Weekly 
return series are constructed from Wednesday 
cash prices of fed cattle, feeder cattle. and 
corn. These return series are the log price 
changes (continuously compounded rate of re- 
turn) as defined in equation (3). Weekly price 
data are used since fed cattle and feeder cattle 
are actively traded only one day per week, 

' Although commonly used in risk-management ap- 
plications. scaling procedures have recently been crit- 
icized. In p;~rticul;lr, Christoffersen, Diebold, and 
Schuermann-and Diebold et 31. state that scaling vol- 
atility by \ / / I  is theoretically valid only when returns 
are distributed i.i.d. and that scaling may actually in- 
crease volatility fluctuations over long hori/.ons. 

with that day typically occurring mid week 
(Rob). If a Wednesday price is not available, 
then a Tuesday price is used. The three weekly 
price series span from January 1984 through 
December 1997, providing 14 years (729 ob- 
servations) of returns for estimation and out- 
of-sample testing. 

The following cash price data are taken 
from the Wull Strrc,t Journcil  and the Technical 
Tools Inc. Datuhuse of Sec.lrrities and Fururc~.~ 
Prices. Fed cattle prices ($/cwt) reflect the 
Texas-Oklahoma direct market for 1 100- to 
1300-pound choice steers. Feeder cattle ($1 
cwt) are for the Oklahoma City terminal mar- 
ket and represent 650- to 700-pound feeder 
steers (Miles). Corn prices ($/bu) are for the 
Central Illinois market (number 2 yellow 
corn). Of course, each individual cattle feed- 
ing operation throughout the country is ex- 
posed to specific prices in its particular region 
which may or may not have different volatility 
than the specific price series examined here. 

Futures and options price data as well as 
interest rate data are used to calculate forecasts 
based on implied volatilities. The futures and 
options prices span from approximately 1986 
to 1997. Both live cattle and feeder cattle fu- 
tures and options are traded on the Chicago 
Mercantile Exchange. while corn futures and 
options are traded on the Chicago Board of 
Trade. The source of the options prices for live 
cattle and feeder cattle is the Futures Industry 
Association historical database, while the 
source for corn options is the Chicago Board 
of Trade. The source for the live cattle, feeder 
cattle, and corn futures prices is the Technical 
Tools Inc. Dclttrhase qf Seclrrities und Futures 
Prices. A proxy for the risk free rate of inter- 
est, needed when calculating implied volatili- 
ties, is the daily three-month T-bill rate for the 
particular day that an implied volatility esti- 
mate is needed. The source for  interest rate 
data is the Federal Reserve Bank of Chicago 
(http://www.frbchi.org/). 

Methods 

Emphasis is placed on developing alternative 
time series as well as implied volatility fore- 
casts. The appropriateness of  s sing implied 



volatility from options on futures contracts in 
forecasting cash price volatility is discussed. 
Techniques for creating composite volatility 
forecasts which combine information from 
time series and implied volatility procedures 
are also delineated. Finally, methods for eval- 
uating the various time series, implied volatil- 
ity, and composite forecasts are outlined. 

Time Series Forecasts 

The time series models presented are of the 
general form where the estimate of variance is 
a fur~ctic)n of the weighted average of past 
squared returns (Boudoukh, Richardson, and 
Whitelaw; Mahoney). All of the time series 
models outlined are weekly models consistent 
with the return series for fed cattle, feeder cat- 
tle, and corn defined in equation (3). In addi- 
tion to explaining the mechanics of the models 
used, a description of how each of the fore- 
casts is extended to horizons greater than one 
week is also provided. 

Histor-icml A ~ler-ages.' A long-run historical 
average (HISTAVG) is developed such that: 

where ,&,, , , ,  is the next period's (week) vola- 
tility forecast for commodity i, T is the number 
of past squared returns used in developing the 
forecast, R:, is the realized return in week t 
for cotn~nodity i. and the mean return of the 
series is constrained to be zero:' Each tirne a 
forecast is made. HISTAVG uses all the data 

' Each of the Ibreca\ts developed and i t \  ahbrevia- 
tion is listed in Tablc 1 or Table 2. 

' I t  I \  commonplace in the volatility forecasting lit- 
erature IO constrain the rnean return of a \cric\ to zero 
when creating volatility forecasts and cielining renli~ed 
volatility. Figlewski provides evidence that impming a 
rnean of zero often yields ;I much better e~t imate  of' 
the true mean than attempts at e\tiinating the mean 
from the data. thus leading to Inore accurate volatility 
I'orecasts. Despite this, the seasonal nature of agricul- 
tural price\ lcnds caution to this practice. Howe\ er. re- 
gressions of  the weekly rcturns on monthly dummy 
variables yielded R's of 0.040, 0.037, and 0.049 for 
fed cattle, feeder cattle. and corn returns, respectively, 
illustrating that any h i a  crcated from constraining the 
rnean to zero i s  likely to bc very small. 

available to that point. This model is often 
considered a benchmark for more complex 
models, in particular GARCH (West and Cho). 
Hence, HISTAVG is used as a bencll~nark 
forecast in this study. 

Historical moving averages (or  moving 
windows) are similar to long-run historical av- 
erages: however. they incorporate a fixed num- 
ber 01' data ob\ervations, dropping old obser- 
vations at each period t. They are thought to 
be more sensitive to structural changes and ob- 
served time variation than models which use 
a growing sample size (e.g.. HISTAVG); how- 
ever. the literature provides little guidance 
about how Inany observations to use in cre- 
ating these models. Because of this, three his- 
torical moving average models are used such 
that in equation (5)  T = 150 (H1 SO), T = 100 
(HlOO), and T = 50 (H50). By construction, 
HISTAVG, H 150, H100, and H50 are all 
weekly forecasts and extended to horizons 
greater than one week by multiplying the 
weekly forecast by the square root of the de- 
sir-ed hor i~on  (h) such that ,$,+,,,fi. 

NCIII'P F O I ~ ~ Y ~ L I S ~ .  Following Brailsford and 
Faff. a \imple naive model (NAIVE) also is 
used: 

where ,ci,_,,, is the threcast of volatility for 
commodity i and 11 is the desired forecast ho-  
rizon. Therefore, when a forecast of volatility 
over a particular hori7on is needed, i t  is cal- 
culated as the syuare root of the sum of the 
actual squared returns from time t to 11 - 1. 
This forecast can also be thought of ah using 
the realized volatility for a period of given 
Icngth as a forecast over the next period of 
equal length (see equation 4). 

GARCH. Models of conditional volatility, in 
particular GARCH. have dominated the vola- 
tility forecasting literature (Bollerslev, Chou, 
and Kroner). The GARCH ( I ,  I ) specification 
has received considerable attention and has of- 
ten been found to be the best specificittion for 
conditional volatility among alternative and 
more co~nplex variants of GARCH. However, 
controversy exists as to whether any GARCH 



specification provides superior volatility fore- 
casts to simpler time series alternatives, es- 
pecially in light of the difficulty i n  estimating 
GARCH models. 

Two GARCH specifications are examined 
in this study. First, a standard GARCH ( ] , I )  
moclel (GARCH) is defined such that: 

to the unconditional mean at a rate of (&, + 
p,) (Campbell, Lo, and MacKinlay, p. 484). 
Subsequently, Kroner, Kneafsey, and Claes- 
sens (pg. 82) show that to obtain a GARCH 
volatility forecast over the h-week horizon, the 
square root of the summation of these fore- 
casts created from equation (8) is needed such 
that: 

I 11 

where cr;, is the conditional variance at time t (9) = Ic 6; ,,. 
of commodity i, cr;-,, is the conditional vari- 

1 ,  I 
ance in the previous period of commodity i, 

All GARCH models and forecasts are esti- 
Rf , , is the squared return in the previous pe- mated using the BHHH (Berndt, Hall, Hall, 
riod, where the mean return is set to Lero, and and Hausman) algorithm in the S-Plus statis- 
a,,, a,, and p, are estimated via maximum like- tical package. 
lihood procedures. Second. consistent with Ri.rkM~.tric..s~" ( E - x p o ~ ~ e n t i ~ ~ I I y  Weiglzted 
known leptokurtosis of financial asset price re- Moving Avc2rlzg~). In response to the need for 
turns. as as the of and 

simpler  metrics for developing "alue-at-Risk 
Brorsen that a GARCH ( 1.1 ) - t specification measures, JP Morgan, through their Risk- 
better represents the variance of several agri- MetricsTM documentation, advocates the use of 
cultural price returns (including corn),  a an exponentially weighted moving average 
GARCH ( I , ] )  - t is also specified. 'This is model of asset return volatility incorporating 
done by using a Student's-t distribution in- a fixed decay factor. This model, known as the 
stead of the norrnal distribution in the rnaxi- Ri.vkMetric.sTM method, is touted for its ease of 
mum likelihood estimation, which helps to estimation and its ability to represent time- 
better account for fat-tailed return distribu- varying volatility without resorting to 
tions. Similar to HISTAVG, a growing sample GARCH estimation (Mahoney). In this spirit, 
s i ~ e  is used in estimating both GARCH and RiskMetric.yTM forecasts are developed such 
GARCH-t; that is, all data up to the forecast that: 
are used. This produces meaningful GARCH 
forecasts that conform to the constraints that 

,&,+,,, = dhif, + - h)R;, 
a, and (3, are non-negative and that a, + PI 
< 1 ensuring long-run stability of the ,el, ,,, is the one-week ahead volatility 

The forecasting equation used for develop- forecast for commodity i, e:, is the ~ i , ~ k -  
ing multiperiod GARCH variance forecasts is: MetricsIhl fC)recast at t ime  for colnmodity i ,  

R;, is the squared return innovation, and A is 
a fixed decay factor. Through their research, 

&,, + &,Rf ,  + fiIu:, if 17 = I 
(8) Crf ,,, = 

Ri.skMetric..sTM suggests using A = .97 for 
&,I + ( & I  + h)&f+/, I ,  if 11 2 monthly data and A = ,94 for daily data, how- 

ever they do not recommend a value of X for 
where ti;+,,,, is the conditional variance forecast weekly data. Because of this, both the A = .97 
at time t + 11 for commodity i. The above (RM97) and A = .94 (RM94) are used as well 
equation produces individual conditional var- as an optimal value estimated using the data 
iance forecasts at each point t + h that revert ( R ~ ~ ~ ~ ) .  The optimized A's used for 

RMOPT are estimated with the entire histori- 
GAKCH foreca'its using a moving \alnplc s i ~ e  of cal return series (January, 1984 to December, 

150 past return ohscrvation\. similar to H150, were 1997) using maximum likelihood procedures 
also tried. However. using a moving sample size pro- 
duced cocfticient estirnatcs that violated the con\trnints such that the variance in the likelihood func- 

,hat and b, be non.negative and th;lt + p ,  < I. tion is specified as in equation (10) (see Mar- 



tin et al., p. 71). Like the GARCH models, the 
rriaximum likelihood estimate of X is solved 
using the BHHH algorithm in the S-Plus pack- 
age. These optimized estimates of A are of in- 
terest primarily for comparison to the decay 
factors suggested by Ri.skMetri~.s"~~ for daily 
and monthly data. These optimized estimates 
also provide insight into the degree of corn- 
patibility of RiskMetric..~:~" recommendations 
for A, which are designed to be rohust for a 
number of non-agricultural return series, to the 
prices examined in this study. The resulting 
optimized decay factors are A = .91 (fed cat- 
tle), A = .99 (feeder cattle) and h = .78 (corn). 
Similar to the historical averages. all Risk- 
MerricsTM forecasts are inherently one-period 
ahead (weekly) forecasts. Therefore, volatility 
forecasts are extended to longer horizons by 
multiplying the t + I forecast by V% such that 

re,+,,,, = I&,+ ,.,fi. 

It is a widely held notion, especially among 
academics. that implied volatility forecasts de- 
rived from option premia are superior to al- 
ternative volatility forecasts since they are the 
market's forecast of volatility (Figlewski). De- 
spite this, enough evidence exists to fuel a 
controversy over the predictive accuracy of 
implied volatility forecasts compared to those 
of time series specifications (e.g., Figlewski; 
Day and Lewis, 1992, 1993; Lamoureux and 
Lastrapes). Because fut~lres options derive 
their value fro111 futures contracts. and futures 
contracts derive their value froni underlying 
cash prices, it is intuitive that information re- 
garding cash price volatility is included in ob- 
served futures options prices. While not the- 
oretically appealing in the strictest sense, in 
the absence of exchange traded options con- 
tracts specifically written on cash commodities 
implied volatilities taken from options on fu- 
tures should provide a practical. readily avail- 
able. market-based forecast of cash price vol- 
atility. Therefore, it is assumed that implied 
volatilities derived from optioris on fed cattle, 
feeder cattle. and corn futures contracts pro- 
vide a reasonable proxy of the market's as- 

msnient  of future price volatility for the\e 
cash commodities. 

In addition to the theoretical appropriate- 
ness of using implied volatilities ir-r forecasting 
cash price volatility. several theoretical issues 
exist regarding the estimation of implied vol- 
atility that are beyond the scope of this paper 
(see Mayhew: Figlewski). Hence, this research 
takes a risk-management perspective where 
practicality in estimating implied volatilities is 
emphasized. The option priciny model used to 
derive the implied volatilities is the popular 
Black- 1976 model for European options on fu- 
tures  contract^.^ Since options on futures con- 
tracts are of the American type, the use of a 
European pricing model for eliciting implied 
volatilities can introduce a small u p w ~ ~ r d  bias 
in the volatility estili~ate due to the early ex- 
ercise premium of American options. HOW- 
ever, this bias has been found to be small for 
short-term (e.g.. nearby) options that are at- 
the-money (Whaley; Shastri and Tandon). Fur- 
thermore, studies examining alternative esti- 
mation procedures (weighting schemes) for 
implied volatility. e.g. calculatillg implied vol- 
atility as the average implied volatility across 
various strike prices. have found that implied 
volatilities taken from the nearest at-the-lnon- 
ey options provide the most accurate volatility 
estimates (Becker\; Mayhew). At- or neur-the- 
money options tend to contain the most infor- 
mation regarding volatility because they are 
usually the most traded options (highest vol- 
ume) and yield the largest vega (Mayhew)." 
Aditionally, Jorion (p. 512) notes that the av- 
eraging of implied volatilities from both puts 
and calls helps to reduce measurement error. 

Therefore, in accordance with these obsel-- 
vations, implied volatilities are compi~ted as 
the simple average of the implied volatility de- 
rived from nearby at-the-money (or closest to 
at-the-money) call and put options. Since im- 
plied volatilities are annuali~ed estimates of 
the volatility over the remaining life of the op- 

The i~ l~p l i ed  volatilities froni the Black-1976 model 
are eutimated using the Financial CAD software pack- 
apc. 

Vcga is the raw o f  change in the options price d ~ ~ e  
10 changes in the underlying ohwt volatility. 



tion contract, they must first be converted to (13) ,kt , , = + piel I ,  

weekly estimates and then extended to the de- 
+ b.6r.t-I., + . . . - f  bi6,,,+ i . , .  

sired horizon such that: 

fi Each of the composite forecasts developed, 
( 1  1) ,6,,,,, = IV,;? 

\IS2 both sinlple average and regression compos- 
ites. are one-week ( I 1  = I ) forecasts. Compos- 

IV,,, i s  the ilnp]icd voliltility (annual- ite forecasts for h > I horizons ure created by 

ized) at time r for commodity j, These implied taking the resulting one-week - composite fore- 

v o l a t i l i t y  (;,recasts derived from nearby op- cast and multiplying it by VI?. In order to pro- 

tions prices are designated as (1V). vide a robust examination of the performance 
of composite volatility forecasts. several com- 

Corn/)o.sitc, Forec,cl.~t.\. binations of conditional volatility and implied 
volatility are used and outlined in Table 2.' 

Many hypotheses have been suggested to ex- 
plain the success of composite forecasting 
(e.g. Park and Tomek; Makridakis). However, 
the use of composite forecasting methods is 
largely un issue of information, suggesting that 
superior forecasts can be developed by com- 
bining alternative forecasts elicited from dif- 
ferent formulations or information sets (e.g., 
time-series vs. implied volatility). Therefore, 
in the spirit of Kroner, Kneafsey. and Claes- 
sens, both composite forecasting procedures 
used in this study focus on combining fore- 
casts of conditional volatility (e.g.. GARCH; 
K i , s k M e t r i ~ s l ~ ~ ~ )  with implied volatility. Com- 
bining conditional volatility forecasts with im- 
plied volatility is intuitively appealing given 
the forward looking nature of implied volatil- 
ity versus the backward looking, historical na- 
ture of time series approaches. 

First. a simple averaging technique is used 
where the composite forecast is ~iierely the av- 
erage of individual forecasts at any time pe- 
riod t. Second, a method is used where the 
weights are generated by an OLS regression 
of past reali7ed volatilities on respective vol- 
atility forecasts s~tch that: 

Since an ob-jectivc of this research is to eval- 
uate volatility fol-ecasts at various horizons, 
the forecasts listed in Tables I and 2 are cre- 
ated and evaluated for horizons of one week 
(h = I). two weeks ( h  = 2), four weeks (h = 

4), 16 weeks (/I = 16), and 20 weeks ( h  = 20) 
consistent with the procedures outlined pre- 
viously. These horizons correspond with char- 
acteristics of the cattle feeding industry (e.g., 
cattle ~~sua l l y  on feed a maximum of five 
months) and provide a wide range of short- 
term and long-term horizons to examine. All 
time series and implied volatility forecasts 
start in January of 1987. Starting the forecasts 
in 1987 allows for 150 past return observa- 
tions to be used to generate initial forecasts 
for the time series models. Also. options on 
the relevant futures contracts did not consis- 
tently stitrt trading until 1987 (the start of 
feeder cattle options). Since some initial ob- 
servations of the various time series and im- 
pliecl volatility forecasts 11s well as realized 
volatility are needed t'or computing regression 

' Since implied volatilities are market basccl lore- + PzC: .,., + . . .  + P i6  ,,, + €,, casts. it is pozbiblc that irnplicd volatility rcilcct\ sea- 
sonality in volatility that is not represented in the time- 

where is realizecl volatility at time t for ,,,leis, rherefOre, it is possible that in the 

cornrnodity i and 6, ,, is an individual volatility regression compositc forecasts more weight is inher- 

forecast ( k )  col-I-esponding to  the vol-  ently placed on 1V. how eve^: when GARCH models 
that included ~nonthly dummy Lariahlcs were used in 

'tility at pe"'" t ' b y  commodity i (Granger [Ile rerression cornnosite models to conrrol for season. 
and Ranlanathan). Thus, the resulting volatil- a l , t y ,  iittle i f  any difference i n  the parameter e x t i n l a t c h  

ity forecast is defined as: (weights) fro111 thc non-sea~o~lal  ~nodels  werc ~.eali;l?d. 



Table 1. Volatility Forecast Key 

Abbreviation Forecast Coni~nodity 

HISTAVG Long-rtrn historical u\,rragr 2111 

NAIVE Previo~~s period's realired volatility for the respective horizon (11) all 
H 150 Mo\:ing average (150 weeks) all 
H 100  Moving average ( 100 week\) a11 
H50 Moving average (50 weeks) al I 
GAKCH GARCH( 1 .1  ) all 
GARCH-t GARCH (1 , I )  - r all 
RMY7 Ri.skMerric..sl" with A = .97 all 
RMY4 ' RiskMr~ric .c /~'  with A = .94 all 
RMOPT R i s k M e t r i c , ~ ' ~  using optimized A all 
IV Implied volatility taken from nearby options contract all 

forecasts, regrewion composite forecasts for 
live cattle and feeder cattle are first calculated 
in April of 1987 and in June of 1987 for 

Each of the various forecasts (time se- 
ries, implied volatility, and composite) are 
then updated each week through October 
1997. This process provides approximately 
550 out-of-sample observations for each of the 
horizons examined."' 

All volatility forecasts for each horizon are 
ranked based on a mean-squared error (MSE) 
framework. Although M S E  evaluation is com- 
mon in the volatility forecasting literature, re- 

Wegl-es\ion cornpo\ite foreca\ts for corn (Table 2 )  
also contain dummy variables corresponding to the op- 
tion contract month from u.hich the implicd volatility 
estimate i h  dcribcd. Thc May corn contract is the base; 
thus i t  is I-eprrsented hy the con\tant. Thi\ follows 
from obwrcing that large jump\ existed in the nearby 
implied Lolatility \erie\ related to changes in the op- 
tions contract month. Thi.; observation was not found 
with the livc cattle and fccdcr cattlc option contract\. 

"tarting the regression composite\ for live cattle 
and feeder cattle i n  April of I987 and corn i n  June of 
1987 provides 13 and 22 initial observation\ re\pec- 
tively of the various volatility forecasts and I-ealila- 
tion\. Corn required 22 initial ob\crvations due to the 
regressions that incorporated dumrny variables fl)r thc 
option contract months. The OLS regressions incor- 
porate a maximum of 150 past observations o l  vola- 
ti l i ty forecasts and realizations to maintain recent in-  
forn~ation in the regression weights. 

I "  111 Tablcs 3 through 5 the number of fc)recast error\ 
is smaller for the h = 20 horizon since towards the 
end of the sample data, it  becomes irnpossible to create 
a proxy for realired volatility for h = 20. Furthermore. 
there are fewcr forecast errors evaluated for corn since 
Inore initial ohhervations were needed for the repres- 
\ion compositr foreca\ts (see rootnote '1). 

searchers have often found that the differences 
in M S E  (or RMSE) among competing volatil- 
ity forecasts to be quite subtle. As :I result, it 
is often difficult to distinguish superior fore- 
cast accuracy among several competing meth- 
odologies based on M S E  rankings (Brailsford 
and Faff; West and Cho). In such cases, the 
differences in the size of M S E  among fore- 
casts may be due  to chance. Also, since fore- 
ca\t\ are developed for a variety of horizon\ 
and updated throughout the sample, foreca\t 
horizons are overlapping, creating autocorre- 
lation in the forecast errors. While autocorre- 
lation does not affect MSE rankings, it can 
affect tests used to  determine if significant dif- 
ferences in MSE occur among co~npet ing  fore- 
casts. 

Because of thi\, a test Ior eqirality in fore- 
cast performance is conducted using a method 
recommended by Harvey, Leybourne, and 
Newbold (HLN test), which is a modified ver- 
sion of a test statistic put forth by Diebold and 
Mariano. This test is designed specifically to 
correct for autocorrelation introduced by over- 
lapping forecast horizons without restricting 
the n ~ t ~ n b e r  of out-of-sample observations 
which can be evaluated. The  null hypothesis 
of eqital forecast performance is defined such 
that  the expecta t ion  o f  t he  d i f ference  of 
squared error\ 14 7ero. 'Therefore, the re4ulting 
te\t \tatl\tlc (H'irvey, Leybourne, and New- 
bold, pp. 282-283) i\ defined a\ :  



Table 2. Compos i te  Volatility Forecasts  

Abbreviation Forecast Commodity 

COMPl Simple average con~positc of CARCH-t and IV all 
COMP2 Simple average composite of GARCH-t. IV. and HISTAVG all 
COMP3 Simple average composite of RM97 and IV a11 
COMP4 Sirnplc average composite of RM94 and IV a1 1 
COMPS Simple average composite of RMOPT and IV all 
COMP6 Simple average composite of NAIVE and IV Feeder Cattle 
COMPI -R Composite of GARCH-t and IV  sing regression weights all 
COMP2-R Composite of GARCH-t, IV, nnci HISTAVG using regression all 

weights 
COMP3-R Composite o f  RM97 and 1V using regression wcights all 
COMP4-R Composite of RM94 ancl 1V using regression weights all 
COMPS-K Colnposite o f  RMOPT and IV using regression h'cights 311 

COMP6-R Composite of NAIVE and IV using regression weights Feeder Cattle 
COMP I -R-DV Composite of GARCH-t and IV using regression weights 

and dumrny variables representing thc option contact 
month Corn 

COMP2-R-DV C'ompos~te ot GARCH-t, IV, and HISTAVG uslng regression 

weights and dummy variables representing the option con- Corn 
tract month 

COMP3-R-DV Composite of RM97 and IV using regression weights and Corn 
du~nrny variables representing thc option contract lnonth 

COMP4-R-DV Compo.;ite of RM94 and IV using regression weights and Corn 
dunlmy variables reprecenting the option contract month 

COMPS-R-DV Composite of RMOPT and 1V using regression weights and Corn 
dumniy variables representing the option contract month 

where S y  is the H L N  statistic, N is the n u m b e r  
o f  squared error  observat ions,  a n d  12 is the  
forecast horizon. Fur ther~nore .  S ,  is  defined as: 

where  (7 is  the sample  mean o f  t h e  difference 
in squared errors  a n d  V(d )  is var iance o f  r? 
which is asymptotically appros imated  as: 

where  y, is the  kth a u ~ o c o v : ~ r i a n c e  o f  17 (Hnr- 
vey. Leybourne,  a n d  Newbold.  pp. 282-383). 
T h e  HLN statistic (ST) is compared  l o  a crit- 
ical value frorn ;I Student 's t-distribution with 

(N - 1 ) degrees of freedom. 

Empirical Results 

Tables 3 through 5 present the M S E  rankings 
fo r  fed  cattle. t eeder  cattle. ~ u l d  corn  volatility 

forecasts.  A s  well  a s  these rankings, the tables  
provide the  M S E  of  each  forecast  relative t o  
HISTAVG,  which  is used a s  a benchmark  
forecast." Resul ts  o f  the H L N  tests a r e  also 
presented. HLN tests were  conduc ted  t o  de-  
termine ecluality in forecast  performance be-  
tween  the benchmark  forecast HISTAVG a n d  
all forecasts  that ranked higher  than HIS- 
T A V G  at  each  horizon. T h e  HLN test is  a l so  
conducted between the top-ranking forecast 
( rank = 1 )  a n d  all subsequent  forecasts  fo r  a 
particular hor i ron .  Cons ider ing  all the  alter- 
native volatility forecasts  examined  o v e r  these 
three commodity return ser ie\  a\ well a s  the  
tive different h o r i ~ o n s .  350 unique  forecast\  
a r e  evaluated,  providing a r igorous examina-  
tion o f  forecast  perforrnance. 

' '  Actual MSE's are not shown. but can be calculated 
from the data prcscnrcd in each Table. Also. t o  savc 
space ~.esults fo r  11 = 16 are not shown hut arc included 
in the discussion. These results arc available from the 
uuthors. 
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Table 4. M S E  Rankings of Feeder Cattle Volatility Forecasts ?' 
-5- 

h 1‘' N = 553 11 = 2 N = 553 I1 - 4 N = 553 h = 20 N = 5-10 
P 

Forecast REL~.' Forecast R EL Forecast R EL> Forecast REL Rank 8 
2- 

COMPI 0,894:*,1 COMPS 0.925'" COMPS 0.969 HI50 1 0.950 L 

2 
0.928':' - 

0.904:" COMP2 COMP3 0.974 RMOPT 0.963 2 COMP2 c 
COMPS 0.904':' COMP3 0,929:': COMP? 0.977 GARCH 0.980 3 k 

4 COMP3 0.9 10::: COMP4 0.940** RMOPT 0.980 HISTAVC; 1 .ooo .z 

5 COMP4 0.9 18*'#' COMPl 0.955##" H 150 0.982 H50 1.009 2. - 
0.92 1 :i: GARCH-t COMP4 0.994 RM97 GARCH-t (1.959 1 .02X 6 

7 1V 0.923:% RMOPT 0.986 H50 0.996 HI00 1.062 3 
0.05') H 150 0.989 RM97 0.997 RM94 1.199 6 

X COMPA-R 2 
9 COMP I -K 0.97 1 RR.1'17 0.097 HISTAVG 1.000 COMPS 1.234 

h 

2. 

10 COMP2-K 0.982 H50 1.000 GARCH 1.002 COMP2 1.254 s 
1 I COMPS-R 0.99 I FIISTAVG 1.000# HI00 1 .O 1 1 COMP3 1.269 3 

KMOPT 0.993 GARCH 1.003 GARCH-I 1.046## COMP4 1.346 : 
12 . 
13 H 150 0.994 HI00 1.006 Uh194 1.048 NAIVE 1.568# T -. 
I4 HISTAVG 1 .OOO RM94 1 .025 1.072# GARCH-t 1.698 COMPI -. 

5 

15 H I00 1.004 IV 1.04 1 IV 1.258 COhlP l 1.736 .- 
?' 

16 KM97 1.006 COMP6-R 1.105 COMP2-K 1.336 IV 2.47 1 2 
GARCH I .0OX COMP2-R COMP6-R 1.359 COMP2-U 2.704 5. 

17 1.124 2 . -- 
18 HSO 1 .008 COMPI -R 1.133 COMP I -R 1.303 COMP6-R 2.747 

19 RM94 1.026 COMP5-R 1.158 COMPS-R 1.135 COMPI -R 2.90 1 

20 COMP4-R 1.041 COMP4-R 1.252 COMP4-I< 1.589 COMPS-R 3.084 

2 1 COMP3-U 1.056 COMP3-R 1.274 COMP3-R l .624 COMP4-U 3.559 
7 3 
L. - COMP6 1.1 17 COMP6 1.357 COMP6 1.664 COMP3-R 3.697 
23 NAIVE. 1.762 NAIVE 1.74') NAIVE 1.75 1 COMP6 1.948 

1 h = 1 .  11 = 2. 11 - 3. ant1 /I = 20 reprebent I-mcch. ?-week. 3-\\.eel\. ancl 20-weeh l'orec:~\t hor i~ons .  I - r ~ p e c t i ~ e l y .  
h ~ € 1 .  = M S I I I ~ ~ ~ I S T A V G .  

MSE ~ ) f  HIST.-\VG for 11 - 1 i \  0.0227; 11 - 2 is 0.0275: 11 = 3 i \  0.0323: 11 - 20 is 0.0303. 
[ndic;ltes h l S E  i \  sigliiticantly dift'ercnt from the hcnchmark i'orcca\t tHIS'I':\VCi) ; ~ t  the 5 ' i  levcl. 

:-::. Indicate\ M S l  is hignilicantl! ilifterent S I - ~ I ~ I  the henchrnark forecast (HISTAVG) at the IOf;/c level. 

# Ini\icate\ the li l- \ t  b1SE that i \  hignihc;~ntl) difkrent t ro~ i i  the lop l-anhing I'orecn\t at the 5' :  leiel. 
I## InJic;ltc\ ~ l l e  firit hlS1: thar is \ignilicat~tly different fl-o~n the top ranktng forrca\t at the IO'A level. 
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No one particular forecast of fed cattle cash 
return volatility dominates across horizons 
(Table 3). Howevcr. several composite fore- 
casts rank among the top forecasts across all 
horizons. Regression composite forecasts are 
anlong the top performer\ fot the h = 1 and 
h = 2 honron, but fall out ot favor a\ the 
foreca\t hor~ron increa\es. In fact, regre\\ion 
composites are among the worst per1i)rrning 
forecasts for the 11 = 16 and h = 20 horizons. 
This observation is most likely explained by 
the fact that regression weights are optimized 
over the 11 = I forecasts and corresponding 
reali~ed volatilities and then extended to lon- 
ger horizons. This. along with noting that sev- 
eral of the simple composites were among the 
top 10 forecasts at each horizon, suggests that 
simple composites may be more robust across 
a wide spectrum 01' forecast horizon5 than re- 
gression composites for fed cattle. Among the 
individual forecasts, GARCH-t ranks among 
the top 10 across all horizons. However, per- 
formance of the Ki.vkMet~-i~..s~'' li>recasts ;KI-oss 
horizons. which are intended to be GARCH 
proxies, is relatively poor except at the longer 
horirons of h = 16 and h = 20. While the 
historical average forecasts (H50, H100. 
H 150. and HISTAVG) ranked near the bottom 
for IZ = 1 through h = 4. they were ranked 
considerably higher Sor the longer horizons of 
h = 16 and h = 20. NAIVE performed poorly 
across horizons. consistently ranking at the 
hotto~n. 

For the 12 = 1 .  h = 2. and h = 4 horizons, 
all t'orecasts that rank in the top I0 provide at 
the very minimum approxim:~tely I4 percent 
MSE impl-ovement over HISTAVG. The re- 
sults of the HLN tests suggest that for h = 1 .  
h = 2, and 17 = 4, the difference between 
MSE's of HISTAVG and higher ranking fore- 
casts are statistically significant in  many. if not 
most. cases (Table 3 ). However. this is not true 
for the long horizons of 12 = 16 and h = 20, 
where no forecasts are found to provide stu- 
tistically signif cant improvenicnt over HIS- 
TAVG at either the S-perccnt or 10-percent 
level. Furthermore, the MSE's of most fore- 
casts ranked among the top 10 are not signif- 

icantly different from that of the top ranked 
forecast at the 5-percent level. 

As with fed cattle. no one particular forecast 
dominates across horizons for feeder cattle 
(Table 4). Simple composite forecasts perform 
well as a group over the 11 = I .  h = 2, and h 
= 4 hor-izons. While three regression compos- 
ite forecasts ranked among the top I0 for 11 = 

1, they performed poorly at all other horizons. 
Unlike fed cattle. however. most of the simple 
composite formulations fall out of the top 10 
at long horizcrns except COMPS and COMP? 
at 1.1 = 16 anci 11 = 20 (ranked 9'" and 10"' 
respectively for both horizons). Among indi- 
vidual forecasts, GARCH-t ranks among the 
top I0 across the 11 = 1 ~uid h = 2 horizons, 
while GARCH ranks in the top 10 at horizons 
/7 = 4, 12 = 16. and h = 20. R i s X M e t r i ~ s ' ' ~  
forecasts perform well at the longer horizons 
of h = 16 ~uid h = 20, but performance is 
more varied at shorter horizons. Similar to fed 
cattle. the performance of the historical aver- 
age fcxecasts (H50. H 100, HI 50, and HIS- 
TAVG) greatly i~nproves as the forecast hor-i- 
zon increases. In fact, H 150 is the top ranking 
forecast at h = 20. 

For the h = 1 horizon. the top ranking Sore- 
cast (COMP I ) provides apprc~xilnately 1 1 -pel-- 
cent MSE improvement over HISTAVG, but 
COMP2-R which ranks 10"' only provides 
about ?-percent irnprovernent. In fact for all 
horizons, the top forecasts provide much less 
improvement in MSE relative to HISTAVG 
than is seen for fed cattle. When testing equal- 
ity in forecast performance using the HLN test 
between the benchmark HISTAVG and fore- 
casts that rank higher, the seven top-ranking 
forecasts Sor h = I and the top four forecasts 
for h = 2 are found to re.ject the null hypoth- 
esis of cclual forecast accuracy. No forecasts 
are signiticantly different than HISTAVG at h 
= 4, 11 = 16, or h = 20. When testing equality 
of forecast perforn~ance between the top fore- 
cast and all others. significant differences are 
not found until the 5''' ranked forecast for Ii = 

1 and I1 = 2. and are found much further down 
the rankings for 11 - 4. h = 16, and h = 20. 



Cot.11 Resu l t s  

Not unlike the tindings tbr fed cattle and feed- 
er cattle. no one particular forecast for corn is 
found to clo~ninate across all horizons (Table 
S ) . "  In general. however, composite forecasts 

(in particular COMPI) and 1V forecasts per- 
form consistently well across hori~ons. Simi- 
lar to fed cattle. regression composites do rea- 
sonably well with many ranking within the top 
10 at the shorter hori~ons of /I = 1 ,  /I = 2, 
and / I  - 4. Except at h = 1 ,  only slight dif- 
ferences exist between the performance of re- 
gression composites that incorporate dummy 
variables for option expiration months versus 
those that do not. As is found with fed cattle 
and feeder cattle. regression composites tend 
to fall in the rankings, often among the lowest 
ranking forecasts, as the forecast horizon in- 
creases. However. at 11 = 16 and h = 20, all 
of the simple composites remain in the top 10. 
As was disc~~ssed with fed cattle. it may be 
that simple composites are more robust to a 
wide range of forecast horizons relative to re- 
gression con~posite specifications. All of the 
forecasts that rank arnong the top 10 for the 11 

= I, 11 = 2 and 11 = 4 horizons are found to 

provide ample MSE improvement relative to 
the benchmark forecast HISTAVG. i n  some 
cases almost SO percent improvement. When 
testing the null hypothesis of equal forecast 
performance among H ISTAVG and forecasts 
with smaller MSE's, a considerable number of 
forecasts are significant at the 5-percent level 
for the 17 = I. h = 2, and lz = 4 horircins. This 
is not the case. however. at the longer hori- 
~ o n s ,  with only IV and COMP3 yieldin, '7 sta- 
tistically significant HLN statistics (5 percent 
and 10 percent respectively). Still, the top- 
ranking forecasts at h = 16 and h = 30 yielci 
sizeable reductions in MSE compared to the 
benchmark. For instance. COMPl which is 
ranked 611' for h = 20 provides a 14-percent 
reduction i n  MSE relative to HISTAVG which 
ranks XI1'. When testing equality in forecast 

" Sonic of the rep~.chsion composites for corn. in 
pirrticulnr COMl'2-R and COMPl-K-DV, yielded \onie 
very small negative volatility forecasts, especi:rlly dur- 
ing llIt(8. I n  thcse c:rscx. the foreca\th were e t  to 7ero. 

performance with the top-ranking forecast and 
all subsequent forecasts, statistically signifi- 
cant results are realized q~lickly at / I  = 4 and 
h = 16, but occur further down the rankings 
for / I  = 1 and /I = 20. 

Arnong the individual forecasts. IV per- 
forms near or at the top for 1.1 = 2. h = 4. h 
= 16, and h = 20. The strong performance of 
the implied volatility forecasts for corn over 
these huri~ons,  in particular when compared 
to the other individual forecasts. is consistent 
with the belief that implied volatility provicles 
the best forecast of volatility. GARCH-t falls 
within the top 10 forecasts ti)r h = I ,  h = 2,  
and h = 4 horizons, but loses favor at h = 16 
and h = 20. Overall, the three K i . s k M e t r . i ~ . s ~ ' ~ ~  

forecasts perform poorly across horizons, i n  
particular at /I = I ,  h = 2 and h = 4. Despite 
this, several composites that contain a 
Ri .~kMr t r i c . s "~ '  forecast in their specification 
rank among the top forecasts. As with fed cat- 
tle. those forecasts that are constructed as a 
simple average of past squat-ed returns (e.g., 
HISTAVG, H 150) perform considerably better 
as the forecast horiron increases. providing 
more evidence that volatility may be best rep- 
resented by some historical average forecast 
for long horizons. 

Summary and Conclusions 

This research assesses the performance of al- 
ternative volatility forecasts for cash price re- 
turns of fed cattle, feeder cattle. and corn at 
V ~ I - ~ O L I S  forecast horizons. Although unable to 
identify one s~~per ior  volatility lhrecast across 
these commodities and alternative horizons, 
this rigorous and comprehensive volatility 
forecasting exercise contributes to a better un- 
derstanding of volatility forecasting. I n  partic- 
ular, this research provides eccinolnists, live- 
stock rish managers. and extension educ:~tors 
with practical insight regarding the forecasting 
of fed cattle, feeder cattle, and corn cash return 
variability. Most importantly. this research 
confir~ns that the performance of dil'ferent vol- 
atility forecasts is both data and horizon spc- 
cific, a common finding i n  the volatility fore- 
casting literature. Howcver, the results highly 
suggest that composite forecasting techniques 



provide improved volatility forecasts for most 

if not a11 of the horizons and prices examined 

here. When both time series forecasts and im- 
plied volatilitie4 are available. it seems pru- 

dent t o  combine the information f ro t~i  these 

two forecasts in an attempt to provide im- 
proved forecast accuracy. The findings here 

also 4usge4t that combining forecast4 need not 
be difficult and that \imple composite methods 
provide foreca4t performance eclual to that of 
regre44ion cornpo4ite4 for thew data. 

Insight 14 also gamed into the forecasting 
performance ol' individual forecasts. specifi- 
cally time series and implied volatility. For in- 

stance. similar to the tindings of Yang and 
Brorsen, GARCH ( 1  . I  ) - t tits the data ex- 
amined well and provides wrne  ilnproved ac- 

curacy over other indiv~dual foreca\t\ at \hurt 
horizons. Except for a few instances. Risk- 
Met,-ic.sTh', which is designed to be a proxy to 
GARCH models, does not provide the overall 
accuracy of a GARCH (1,l  ) - -  I .  Furthermore. 
implied volatilities derived from options on 
corn futures contracts appear to provide usefill 
forecasts for corn cash return volatility. while 
they do  not perform well for fed cattle and 
feeder cattle. Despite the relatively weak per- 
l'ormance of implied volatility for fed cattle 
and feedel- cattle, these implied volatilities are 
useful in fcxnling composite volatility fore- 
casts. Given these results, i t  lvould seem im- 
prudent for forecasters to ignore implied vol- 
atility from options on futures contracts when 
forecasting the volatility of cash prices. espe- 
cially since they art. readily available. 

At least for these data. it seems inefficient 
to develop complex forecasts of volatility (e.g. 
CiARCH) for long horizons and appears that 
little improvement can be obtained over a sim- 
ple long-run historical average or  moving av- 
erage forecast. Additionally. the strong overall 
pe r fo rm~~nce  of historical averages (e.g. HIS- 
TAVG, H 150. H 100) at 16- and 20-week ho- 
rizons aupports claims by authors such as Fig- 
lewski who s~lgges t  that volatility reverts to  an 
average volatility at long horizons. Forecast- 

ing performance is clearly data and horizon 
specific. 

Thus, the tindings from this univariate vol- 

atility forecasting exercise pl-ovide evidence 

for both specificity and flexibility in creating 

volatility forecasts. Tests of e q ~ ~ a l i t y  i n  fore- 

cast accuracy show that in many cases there 
is often no significant difference between al- 
ternative forecasts, especially among the top 

performing forecasts for a particular comnlod- 
ity and horizon. In one respect these tests con- 

firm the difficulty in assigning superiority to 

any one given forecast for any horizon, there- 
fore suggesting caution in dl-awing conclu- 
sions from mean-squared error rankings. On 
the other hand, these tests also suggest that 
forecasters can bc flexible in what fot.ecasts 
they incot-porate since many competing fore- 
casts may provide similar forecast accuracy 
for a particular horizon. 
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