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ON JUDGMENTAL FORECASTS

David A. Bessler and Jon A. Brandt+

In earlier wlork, empirical results were reported which suggest that
expert judgments in forecasting agricultural prices were (in scme sense)
inferier to more mechanical, less judgmentally based forecasts. Brandt and
Bessler (1981) show that expert forecasts of hog prices by the Purdue Uni-
versity Agricultural Economics Department's Outlook Committee were inferior
in a mean-squared error sense to simple autoregressive integrated moving
" average (ARIMA) and reduced form econcmetric medel forecasts. These resultﬁ
wera extended to forecasts of cattle and broiler prices in Bessler and
Brandt and to economic, as well as statistical, significance in Brandt and
Bessler (1983). The initial assumption in each of these studies was that
each commedity/forecaster studied represented a different group or popula-
tion; there was no attempt to generalize results to other commodities or
judgmental forecasters.

o consider the merits of such a gener-

|

t is the purpose of this paper
alization. Simply put, the point to be addressed is: are judgmental or
expert forecasts generally infericr to statistical forecasts? While the
evidence is quite one-sided in supporting .an affirmative answer to this
question, it does nct necessarily imply that expert judgments are valueless.
In fact, the evidence also suggests that exi:ert judgments, when used in con-
junction with more mechanical metheds or in group composites, can yield

reliable forscasts.

*The authors are Associate Professors of Agricultural Zconomics at Texas
ASM and Purdue Universitiss, respectively. This paper was motivated by
ideas and suggestions by Spyros Makridakas. Carl Shafer provided useful
comments on the recemmendaticns mads in this paper. ALl errors and omissions
are the authors' responsibility.
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is organized in four parts. First, a vast literature Zrom
ch suggests that our findings in agriculture are not all that
viewed. The experimental work conducted over that last quarter
ic:a.tes that individual judgmental forecasts are not wvery reliable
ly be improved. Next, 2 method to model subjective forecasts in
etting is proposed, and as an example, judgmental forecasts of
4.5. hog and cattle pri.ce.s by a particular group of experts who
' develcep outlock information are examined. Finally, the implica-

he findings on forecasts of economic variables are discussed.

Known About Judgmental Forecasts?
‘le the study of judgmental forecasts falls clearly within the prov-
'dé'.'psYcholog'y, it is somewhat interesting that cne of the:very early
-_;;.-;5 on the subject is found in agriculture. In 1923, H. A. Wallace gave
the.r spirited summary on an experiment with judges of seed corn carried
;érly in this century. His words are worth recalling:
" "That the corn judges did not kfow so very much about the factors
which make for vields is indicated by the fact that their scores
were correlated with yield to the extent of .2 . The difficulty
seems to be that they placed too much emphasis on length of ear and
possibly alsoc scme fancy points, which caused them to neglect plac-
ing as much emphasis on sound, healthy kernel characteristics as
they should." (p. 304)
Wallace goes on to suggest that "the things which rsally are in their. (the
judges') minds are considerably different from . . . (those which they) pro-
fessed.” (p. 304)

The result from this early study is consistant with results found in

psychology. Starting with the work of Meehl, psychologists have (almest
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always) £found clinical (judgmental) predictions of numerical variables
inferior to mechanical predictiens. That is, in cases where both a clinical
judgment and a statistical predicticn of a criterion variable are availablg,
such as academic success or priscner parole recidivism, the statistical pre-
diction is rarely (if ever) inferior to the clinical judgment. The twenty
cases studied in Meehl's seminal bock generated 2 plethora of additional
studies, all reaching similar conclusions =~ "an apparent superiority for
mechanical modes . . ." (Sawyer, p. 178).

This result gives further cause for concern as predictive ability of
judges does not necessarily increase with substantive training and confi-
dence. Stael von Holstein, for example, found meteoroleogists’ assistants
outperformed the meteorologists in simple probability forecasting -— the
latter tended to give tight forecasts, while the former gave diffuse distri-
butions. Using experimental methods, Fischhoff and McGregor found that,
while confidence in judgment increases with knowledge, it does so too fast
-- a doubling in confidence being. associated with about a 350 percent
increase in knowledge. farlier, Oskamp found that self-confidence in fore-
casts by clinicians increased with the amount oﬁ information; however, there
was no corresponding increase in accuracy. Ryback found similar results in
experiments witdh univeisity students. He concluded: "eonfidence incrsased
with experience . . . accuracy did not." (p. 331)

These fesults on forecast accuracy and self-confidence can be explained
by the extensive literatura on superficial information search and processing
biasés, a recent review of which can be found in Hogarth and Makridakis.
Under the heading of superficial information search, they have identified
piases resulting from the following heuristics (for extensive bibliographies

see Hogarth and Hogarth and Makridakis):
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o ——



gl

Siability T ease with which specific instances come TO mind

influences judgments of f£reguency;

ective perception = anticipation of what one expects to see piases

what one thinks he does see;

: equency ~ probab:’.lities and forecasts are often based on frequency

rather than relative frequencies;

norance of prior jnformation — Scme forecasters give predictions

which are Gominated by sample information relative to prior

information;

usory correlation - pecple may pelieve variables vary together when

in fact they do not;

a presentation = the order, display, mode OF context in which data

are presented can influence judgmental forecasts.

lar list associated with piases arising from suboptimal information

sing 1is given as @

onsistency = Some forecasters are unable to apply & consistent
judgmental strategy over a number of exchangeable cases;

servatism - people dco not revise opinicn upen receipt ©Of new

information as suggestad by Bayes' theoramj

nlinear extrapolation = inability to axtrapolate nonlinear Pro-=

cesses;

ental effort heuristics — Tules of thumb methcds are used to reduce

mental effort in the forecasting task. An example 1s that

forscasters may anchor predictions cn a particular value and

adjust up or down to allow for circumstances.

- addition to these heuristics, other environmental characteristics

to the complexity of the forecasting task cr the prassure associated
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with the task may bear negatively on forecast performance. Goldberg provides
a useful summary on the environment and its influence on the judgmental
forecaster: ;

"(he) is not a machine. While he possesses his full share of human

learning and hypothesis - generating skills, he lacks the machine's

(statistical model's) reliability. He "has his days": Boredom,

fatigue, illness, situatiocnal and interpersonal distractions all

plague him, with the result that nis repeated judgments of the

exact same stimulus configuration are not identical ... (p. 423)."

Some analysts, of course, point out that heuristics are used in judgment
because they usually work (or at least nave worked in the past). However,
knowledge that one is using a heuristic and that it may not be applicable in
a particular situation is generally not widespread. Furthermore, advances
in data acguisition and processing will probably reduce the advisability of
using traditicnally useful heuristics (see Tversky and Kahneman) .

While the evidence supporting the fact that heuristics are used in judg-
mental forecasting is impressive (at least to us), it should be noted that
most forecasts have been studied in environmental settings with 1little or no
feedback. Murphy and Winkler (1577a) £ind weather forecasters do quite well
in daily temperature and precipitation forecasts. Hers, the subjects are
quite familiar with their subject matter and receive continuous (daily)
feedback. Interastingly though, their forecasts of tornados (which are leass
frequent) are not nearly as good (Murphy and winkler (1977bB)). In an
explicit study of feedback in forecasting, Lichtenstein and Fischhoff £ind
that feedback improved the gquality of scme subjects' assessments. However,
their work points to the need for further research cn the usefulmess of par-

ricular forms of feedback which may prove useful in applied settings.
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study of a wide range of individual predictions casts doubt on

abilities to consistently provide gocd judgmental forecasts; how-
ome have suggested and others have observed that cemposite ©r group
‘?;s will often provide useful forscasts. Goldberg writes: . . .
the responses of a set of judges may generally be a more powerful
'que than medeling as a means of improving the accuracy of clinical
ts" (p. 431). Indeed, there is some evidence that the composite
ast may perform quite well. Ebert and Kruse find that the forecasts of
n stock returns by individual security analysts could be improved upon
e used a group or composite forecast. Similarly, Zarnowitz recently
‘_"d that in forecasting numerous aggregate time series, individual experts
ricipating in the quarterly National Bureau of Economic Research and
ican Statistical Association survey of business conditions perform worse
the group forecast. He finds: "it is difficult for individuals to pre-
ct consistently better than the group . . . for most pecple, most ‘of the
e, the predictive record is spot%. . . 3 series of group averages has
. advantage that it is helped by the cancellation of individual errors of
the opposite sign." (p. 17) Finally, Brandt and Bgssler (1981) show that a
omposite of expert opinion with forecasts from an ARIMA medel and those
_‘from an econometric model outperform both the expert and the individual
model forecasts of quarterly U.S. hog prices. This latter work is replicated

with additional data points in Granger, et a/.

] Modeling Judgmental Forecasts

Whether or not one accepts the generality of the empirical werk reviewed
above, he may vet find it informative to study the explicit forecasts of a
particular expert and their relationship to public information available at

the time of the forecast. That is, even if ocne believes his particular
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\ expert performs metter than those studied in the psychological or economic
\ experiments described above, he may gain useful insights as to what particu-

\ lar sets of information his expert "seems" to be using. Perhaps the most

' \ useful model (to date) of the judgmental or clinical forecast is summarized

l under the heading of the Lens model, due €O Brunswik and others. This model,

| . studies relationships among an expert's judgment, relevant information vari-
" ables, and the actual variable to pe forecasted. Here, analysts are inter-

| ested in the relationships betweeld information variables and both the sub-

- jective forecasts and the actual variable to ne forecasted. The Lens medel
Il assumes that (see Hogarth, PB- 8): djudgment results from a seriss of opera-
h tions o©n information which is related to other items of information. Such
i ' interrelaticnships in the human mind have an analogue in the environment
(subjective judgment relies on cues because it is believed that 2 similar
process operates in nature). Judgment will be accurate to the extent that an
| individual's utilization of information cues matches those of the environ-

ment (representing the individual's subjective gtilization of cue ias rg
and the envircnment's utilization as IL,.: judgmental ;ccuracy can be
improved by satting Tis =TI for all i cues).

Early work on the Lens model (see Hursch, et al.) assumad XNOWD environ-=
mental relaticnships (known to the investigator). Very little dynamic stIucT
rure was assumed in these early works. That is, early work considered exper- _;
imental situations where the subject was presented with a particular set of
information whose relationship to the variable to Dbe foracasted was Known
and static. However, many judgmental forecasts are made in dynamic settings
in which neither the variables used in the subjective forecasts or the par-

ticular lag structure ars xnown a priori (see Camerer). Moreover, most Dsycho~ =

logical research does not allow past values of the subject's judgments t°
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influence either his current judgment or the current environment.
ApparentlY. no one has attempted to model feedback in judgmental forecasts.

In this analysis, a dynamic nodel is proposed in which all variables are
studied in a vector autoregression. Equation [1] gives a rather general

representation of the model:

e I L SR R
£ 8,,(B)  815(B) ¢+ ¢ 1 (B) %, (£ £, (8)
8, (B)  9,(B) + ¢+ b (B) R, (8) | = | Ep(8)
|4 ®  ® - b ®| | Fa(®)] | ta(®)]

where "’ijk(B)' = ¢ijO(B°) + ¢ijl(31) e 28 ¢ijk(3k) are polynominals in the
lag operator 3 (3"%_ = X _) for which ¢ij0(30) =1 for L =9and 0, L * 3;
xl{t), xz(t) and xi(t), i =3, ..., m are the time-ordered equivalents of
the environmental, ‘judgmental, and izg._formation variables as discussed abovej
and &,(t), Ez(t), and §,(t) are dynamic random noise or innovations associ-
ated with each equation.

The stochastic representation given in equation (1] differs from usual
Lens model representations by not explicitly defining lag length. Further-
more, lagged (past) values of all variables are permitted to inflyence the
current value of each. In many forecasting applicaticns, subjective judg-
ment may be well represented (at least in very early stages of investiga-
tion) by equation [1]. As investigators acguire more information about a
particular judgmental structure, 2 more detailed dynamic model may prove
useful,

In practice, the set of information variables must Dbe selected & priori.
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That is, cne must use theory or other a priori kncwledge €O determine what
information series are _relevant to the judgmental task (cne could, perhaps,
ask the expert what information he deems relevant). Theory can also be used
to select the lag length (k in equation 1) associated with the autoregres-
sive process. Whers theory cor other prior information gives little informa-
tion on lag le.ngﬁh, analysts must rely on statistical measures (see Sims
(1980, p. 17) or Geweke and Meese).

Given a finite vector autoregression which adequately summarizes the
empirical relationships between judgmental forecasts, the variable to be
forecasted, and the relevant information, a number of additional operaticns
can be performed to study the dynamics of the judgmental system. In particu-
lar, given some rather general propertias of the system, one can invert the
parameter matrix of equation [1]. This operation yields the (so-called) mov-
ing average eguivalent in which the studied series are exprassed as an infi-
nite series of historical shocks (surprises). The moving average expressicn
gives a parameter matrix at successi¥e lags (t-l_, t-2, £-3, . .. a)be The
matrix at lag t-j, fer example, summarizes the impact of shocks J pericds
ago on levels cf each variable in pericd t. Analysts will prefer to study
the moving average representaticn (rather than the autoregressive represen-
tation) because it gives a rather concise summary of the dynamics implied DYy
the interaction of the entire set of autoregreassive coefficients at succes-
sive lags.

Following Sims (1980) one can study the reacticn of the expert in future
periods to a shock in a particular informatiocn variable in the current
pericd. One can compars the expert Zorecast path with that of |the variable
being forecasted. Similarly, one can study the response of the variable to

be forecasted to a shock in the judgmental Zorecast. Under normal circum-
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Bes, if the forecaster possesses substantive information Deyond what is
ed in the vector autoregression, one might expect that a shock in judg-
al forecasts would lead to a subsequent positive response in the wari-
forecastead.

'In actual study of the dynamic behavior of an estimated vector autore-

ssion, one needs to be explicit about contemporaneous error correlations.

1ations of the system to a shock in a particular series will be mislead-
ng if same pericd error correlations are ignored. That is, where contempo-
:éneous error correlations are high, one must decide on a particular causal
ain among the series studied. In this study, the system is crdered:
:"fs(t), xl(t)' o el xn(t), ‘fe(t) in which case, the subjective forecast
‘for pericd t (Ys(t)) and all information variables for pericd t (xi(t), i=
1, . . . , n) are prior in a Granger-type causality sense to the variable to

be forecasted (‘fe(t)) (see Sims (1981, pp. 288-90) for details). The metheds

outlined here are used to study the judgmental forecasts of prices of two

agricultural commodities. -

Empirical Study of the Price Forecasts of Two Agricultural Commodities

Ffor several years, a committee within the Department of Agricultural
Econcmics at Purdue University has given short-term forecasts on prices of

agricultural commodities produced by midwestern farmers. The committee is

composad of professional agricultural economists whe have many Yyears of
experience working with producers and processors.

P Bessler and Brandt studied the committee's quarterly forecasts of hog,
; cattle, and broiler prices over the years 1976-1979. Expert opiniocn was
found to be inferior to ARIMA and/or reduced form econometric mocdel Zfore-

casts in mean-sguared-error loss evaluations. This result is consistent

s
|
1

—

———e

—_——————

e —
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with prior work (some of which is reviewed above). The intent here is to
study the dynamic relationship between the cattle and hog expert forecasts
(the broiler forecasts have not been issued reqularly enough €O continue
their use here) and a set of seemingly relevant information variables.

The 33 quarterly, one-period-ahead forecasts begin with the last gquarter
of 1974 and extend through the last guarter of 1982. Participation by indi-
viduals on the Purdue OQutlook Committee did change over this peried -- se
the analysis cannot be construed to reflect on any particular forecaster.
Although a particular person was largely responsible for preparing an ink~
tial forecast for each commodity in each time period, the final forecast was
based on subsequent roundtable discussion by the entire committee.

mhe number of different informaticn variables under study is severely
limited due to having only 33 data points on each forecast. A system of m
variables requires the estimation of mzk autoregressive coefficients (here k
is the number cf lags studied) plus (m g (m + 1))/2 unique elements of the
variance-covariance matrix. For m =_4 and k = & this results in a rather
meager total-observaticns—to-parameter ratio of 132 + 74&. Most time-saries
analysts would prefer a higher value for this ratio, although theres are no
clear guidelines available and evidently systems have Deen successfully
estimated with fewer data points relative to parameters (Wallis). Certainly,
as longer sets of data and expert forecasts become available, richer sets of
conditioning information ought to be studied.

In this study, the hog analysis includes quarterly observations on the
hog price £forecasts, actual hog prices, nominal U.S. disposable income and
sows farrowing. The cattle model studies ralationships between quarterly
data on cattle £forecasts, actual cattle prices, nominal U.S. disposable

income and cattle placed on faed. As each equation in each VAR contains the
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et of regressors, ordinary least sgquares regression, applied equaticn
tion, will provide efficient estimates of the VAR coefficients.

Tables 1 and 2 list calculated chi-squared statistics associated with
tm;x:;ci. ratio tests of successive lag lengths of the two vector autore-
ions. This test considers sequential tests of the restricticon that all
neters of Fhe matrix at lag k of egquaticn number (1] are zero. Only lags
through 4 are considered in these tests Dbecause of data requirements.
gher order lags should be considered as more data become _available. Sta-
tics in both tables indicate that the data are generated by at least a
ourth-order autoregression. All subsequent discussion will be with raspect
o a fourth-order model for both commodities.

In tables 2 and 3, the approximate probabilities associated with exo-
eneity tests on each variable in each equation of the VAR and the approxi-
mate probabilities that the residuals in each regressicn are uncerrelated
';"(_:based on summary Q-statistics) are listad. A high probability in these
tables suggests that the current variable is not responsive to (affected by)
the lagged values of the corresponding variable. With respect to hog prices
(table 2), coefficients on past expert opiniocn and disposable income in the
current expers opinicn equation are not significantly different from zero
(based on standard F-tests on grouped coefficients). The hog price expert
seems to be relying on just past hog prices and sows farrowing. However,
both past expert opinion and past disposable income have grouped coeffi-
cients different from zero in the actual hog price eguation (column 4).
Zvidently, past .e;:pert opinion and disposable inccme include (or are corre-
lated with) information to which the other variables in the VAR are not

responding. The expert, however, ignores both (further evidence on this

cffered below).
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Table 1. Likelihood Ratic Tests on Vector Autoregressions cn and U.S. Cattle
Market (lags 1 through 4).

m(k)
k hogs cattle
356.91* 378.23%
31.98* 16.16
50.77* 32357
40.53* 26.29

Note:

Under
equal
dom.

level

the null hypothesis, that the autoregressive matrix at lag k is
to zero, m(k) is distributed chi-squared with 16 degrees of free-

An asterisk indicates rejection of the null hypothesis at the 5%

of significance.
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respect to cattle prices (table 3), differences between
1eﬁts in the expert opinion and actual equation, show up in F-tests
s -disposable income (again) and cattle on ‘feed. Both are signifi-
r different from Zzero (at least at the 12% level) in the actual equa-
and not so in the expert opinicn equation. Interestingly, past values
ert opinion are not significantly different from zero in the actual
e equation, a result which differs from the hog model.
;rhe F-tests relate to the significance of past coefficients in each VAR
uation. The tests do not shed light on the current prediction and current
yal price (actual price and forecasted price for pericd t are indexed by
e same value of t). Figures 1 and 2 give the dynamic response of expert
é_inion and actual price to one-time-only shocks in expert opinion, actual
rices, disposable income, and either sows farrowing (hog medel) or cattlé
n feed (cattle model). The contemporaneous covariance in each vector auto-
egression was ordered as follows: expert opinion, income, sows farrowing
».cattle' on feed for the cattle VAR), and actual price. Because expert opin-
ion is formed prior to period t, this ordering should not distort the actual
f1ow of information. Putting expert forecasts last would, _of course, result
'in such a distortion.

The responses of actual hog and cattle prices to shocks in expert opin-
ion are different. Recall from table 2 and 3 that past hog expert opinicn
was significant in the actual hog price regression while the expert opinion
on cattle price was not significant -in the actual cattle price regressiocn.
In figures 1 and 2, similar patterns emerge. A shock in expert cpinien on
heg price in pericd zero causes (in Granger's sense) actual hog prices in
period zero to be higher by .35 . This result is consistent with the

hypothesis that the expert is providing a degree of substantive knowledge;
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Table 2. Approximate Probabilities on significance of Lagged Values of Vari-
ables in Four Lag Vector Autoregressicn on U.5. Hog Market.

Current Variables

Lagged Variables Expert Income Sows Farrowing  Actual
Expert iy - .64 .80 .01
Income .59 .00 .01 .00
Sows Farrowing .02 +35 .Q0 .01
Actual ;- S .66 .08 .01
Q .42 +20 .20 .12

2 the probabilities are derived from an F-test on lagged values of each
variable in an ordinary least-sgquares regression of current values of each
variable on four lags of each variable. Eigh probabilities suggest that we
do not reject the aull hypothesis that the coefficients cn she lagged vari-
ables equal zero (i.8., that they are not used in the prediction of the
current variable). The coefficients associated with che bottom "Q" row are
the approximate probabilities that the residuals in each regression are
uncorrelated. That is, a high probability is associated with the failure tO

reject the null hypothesis of white noise residuals.
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Approximate orobabilities on Significance of Lagged Values of Vari-
ables in Four Lag Vector Autoregression on U.S. Cattle Market.

Current Variables

f_.a.gged Variables Expert Income Cattle on Feed Actual

Expert .99 .89 ;| .48

Inccme .49 .00 .55 .03
Cattle on Feed .86 .84 .05 .12
Actual .03 .84 .80 .01
Q v L 78 0l .20

See table 2.
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however, a positive shock in the cattle expert forecast is not followed by a
significant positive response by actual cattle prices. That is, an innova-
tion in the expert's forecast of cattle price for period € is not| subseg-
gently verified in the actual price series.

The figures also suggest (at least tentatively) that the cattle expert
foracastl is not based cn thé past disposable income or cattle on feed, as
seen from the evidence discussed above, and the ressponse to shocks in dispo-
sable income and actual cattle price. Notice that actual cattle price
responds significantly (positively as theory would suggest) to a shock in
disposable inceme in periods 0, 2, 3, 4y 2y 6§ while, expert opinion
responds (apparently unknowingly) to a shock in disposable income in periods
3, 4, S, 6, 7 with the channel of influence being through actual prices.
That is, expert opinion responds to disposable income through actual price.
A shock in disposable income influences cattle price in periods t, t+l,
etc., which in turn influences expert forecasts in periods t+l, t+2, etc.
The expert forecasts of cattle prices'- seem to be meraly tracking pé.st cattle
prices.

Expert opinion and actual prices are reacting to the sows farrowing
information similarly with respect tTo expert opinion on hog price and the.

information summarized in the VAR (argument given above) .

Discussion

In this paper, the use of prior knowladge on judgmental forecasting is
investigated. Early work from psychology indicates that judgmental fore-
casts are generally inferior to mechanical forscasts or group composites.
This work was found to be consistent with that recently reported in eccncm=

ics. Simple ARIMA and reduced form econcmetric models have been shown €O

cutperform exper:t forecasts. -n additien, group composites of either multi-
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_experts Or experts and mechanical medels have outperformed the expert.
-lEarly work in psychology gives one reason to view these empirical find-
< as special cases of general behavior. Heuristics in information acqui-
ion and processing have been demonstrated to exist in experimental and
1-wor 1d settings. These heuristics generally result in suboptimal fore-
ts.

1t is argued here (as others have elsewhere) that in nonexperimental
r+ings where control over the set and levels of conditioning information
_not possible, a strict application of the basic Brunswikian Lens, medel is
; possible. Rather, an analysis of expert forecasts in general vectcr
autoregrassicn is proposed. In undertaking such an analysis, the researcher
st make rather strong assumptions on the particular information set which
the expert brings to his assessment task. In addition, the analyst must be
ﬁilling to allow the data actually chosen to do "quite a lot of the talking”
as lag length for time-ordered data are usually unknown.

In the particular applicatioﬁs=presanted here, the results indicate the
series of expert forecasts of cattle price were (at least) consistent with
the hypothesis that only past cattle prices entered the utilized information

f?set. Other (seemingly) relevant information which did appear significant in
é?the actual cattle price equation was apparently not used in the cattle
.%‘exPert forecast. On the other hand, evidence suggests that the hog price
%Qexpert opinion did pay attention to sows farrowing and past hog prices in

]; forming the forecast of hog prices. Apparently, neither cattle nor hog

| experts paid attention to disposable income.

These findings are of course subject to criticism and should be consid-

ered tentative. They are not based on the more elaboratas versions of the

Lens model which psychologists have used with experimental data. Nenlinear

e e

e e s
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relationships and richer information sets may in fact show the expert
forecasters in a different light. However, given the overwhelming evidence
which psychologists have uncovered on judgmental forecasts and the evidence
(albeit meager) uncovered so far in sconomics, it is our recommendation that
judgmental forecasters (for at least the time peing) strike a humble pose.
Certainly, the abandonment of judgmental forecasting is not proposed
here. Most forecasts which are required in everyday settings are done regu-
larly enough so that suﬁficiant outcome feedback justifies high levels of
confidence. In addition, the cost of constructing statistical (mechanical)
forecasts may not jﬁstify their use. The costs of incorrect forecasts are
oftentimes not severe (say, one walks over to the student union for a cup of
coffee and finds that it's closed; what has he 1ost?). However, where his= _
torical data are available and the consequences of alternative acticns are
diverse, judgmental forecasting should be one compenent of an integrated

system.
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Figure 2. Impulse Responsas on Shocks to Variables in Cattle Vector

Autoregression
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nd 2. The figures represent the responses of expert opinion

o5 on figures 1 2
r cattle prices and actual (2
ch series of the four variable vector

on hog © ) hog or cattle prices ©o cne-time=

one—standard—error-—shock in ea
e standardized by standard error

Y
s of either the

Reponses ar

price variable. A circle "O”

aregression.
is associated with a

ert opinion OT actual

exceeds a two standard error interval. Standard errors of

ponse which

¢ are calculated with Monte Carlo methcds as programmed by Doan and
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