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CHAPTER 11

The Effects of Misspecification
on Predictive Accuracy

CR.C Far

Yale University

11.1 INTRODUCTION

This paper is concerned with the estimation of misspecification efiects on
predictive accuracy. In a recent study (Fair, 1980a) 1 have proposed a method for
estimating the total uncertainty of a forecast from an econometric model:
uncertainty due to (1) the error terms, (2) the coefficient estimates, (3) the
exogenous variables, and (4) the possible misspecification of the model. The
method aliows one to estimate the uncertainty from each of these sources
separately, and so it can be used to examine the efiects of misspecification on
predictive accuracy. The emphasis in this paper is on the misspecification effects.
The method is reviewed in Section 11.2, and then misspecification effects for my
model are examined in Section 11.3. Estimates of total predictive uncertainty for
my model are presented in Section 11.4. Section 11.5 contains a brief conclusion.

The method can be applied 1o a model that is nonlinear in both variables and
coefficients. The general model will be written as:

ﬁ(ynxl!ui)zuih i=;v"‘!n1 r=],‘~'!7-| {]}

where y, is an n-dimensional vector of endogenous variables, x, is a vector of
predetermined variables (including lagged endogenous variables), and «; is a
vector of unknown coefficients. The first m equations are assumed to be
stochastic, with the remaining i, (i = m + 1,...,n)identically zero for all t. For
expositional convenience the model will be assumed to be quarterly.

11.2 A REVIEW OF THE METHOD

The uncertainty of a model’s forecast that is due to the error terms and coefficient
estimates can be estimated by stochastic simulation, given an estimate of the
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distribution of the error terms and an estimate of the distribution of the coefficient
estimates. Each ‘trial’ consists of draws of the error terms lor each quarter of the
forecast period and of the coefficients. Stochastic-simulation procedures are to
some extent model specific, and for purposes of describing the method it is
unnecessary to discuss the details of any particular procedure. The procedure
that was followed for the results in this paper is discussed in Section 11.3. Let o,
denote the variance of the forecast error for a k-quarier-ahead forecast of vanable
i from a simulation beginning in quarter 1, and let 7, denote the stochastic-
simulation estimate of g2,.! .

- It is also possible to estimate by means of stochastic simulation the uncertainty
of a model's forecast that is due to the uncertainty of the exogenous variables,
given an assumption about the uncertainty of the exogenous variables
themseives. There are two polar assumptions that can be made about the
uncertainty of the exogenous variables. One is, of course, that there is no
exogenous-variable uncertainty. The other is that the exogenous-variable
forecasts are in some way as uncertain as the endogenous-variable forecasts.
Under this second assumption one could, for example, estimate an autoregressive
equation for each exogenous variable and add these equations to the model. This
expanded model, which would have no exogenous variables, could then be used
for the stochastic-simulation estimates of the variances. While the first
assumption is clearly likely 10 underesiimate exogenous-variable uncertainty in
most applications, the second assumption is likely to overestimate it. This is
particularly true for fiscal-policy variables in macro-econometric models, where
government-budget data are usually quite useful for purposes of forecasting up to
at jeast about eight quariers ahead. The best approximation is thus likely 10 lie
somewhere in between these two assumptions.

The assumption that was made for the results in Fair (1980a} and for the results
in Section 11.4 15 in between the two polar assumptions. The procedure that was
followed was to estimate an eighth-order autoregressive equation for each
exogenous variable (including a constant and time in the equation) and then to
take the estimated standatrd error from this regression as the estimaie of the
degree of uncertainty attached 10 forecasting the change in this variable for each
quarter. This procedure ignores the uncertainty of the coefficient estimates in the
autoregressive equations, which is one of the reasons it is not as exireme as the
second polar assumption.

It is also unnecessary for purposes of describing the method to discuss the
details of any particular assumption about exogenous-variable uncertainty. All
that needs 1o be noted is that some assumptions must be made. If equations for
the exogenous variables are not added to the model, but instead some in-between
procedure is followed, then each stochastic-simnulation trial consists of draws of
error terms, coefficients, and exogenous-variable errors. If equations are added,
then each trial consists of draws of error terms and coefficients from both the
structural equations and the exogenous-variable equations. In either case. let &,
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denote the stochastic-simulation estimate of the variance of the forecast error that
takes into account exogenous-variable uncertainty as well as uncertainty from
the error terms and coefficients. _ _

Estimating the uncertainty from the possible misspecification of the model is
the most difficult and costly part of the method. 11 requires successive re-
estimation and stochastic simulation of the model. It i§ based on a comparison of
estimated variances computed by means of stochastic simulation with estimated
variances compuied from outside-sample forecast errors.

Consider for now stochastic simulation with respect to the structural error
terms and coefficients only (no exogenous-variable uncertainty). Assume that the
forecast period begins one quarier after the end of the estimation period, and call
this quarter t. As noted above, from this stochastic simulation one obtains an
estimate of the variance of the forecast error, &2, One also obtains from this
simulation an estimate of the expected value of the k-quarter-ahead forecast of
variable i. Let J,, denote this estimate. The difference between this estimate and
the actual value, y;, .4 -, is the mean forecast error:?

Bk = Virvwet1 — Y (2)

Hit is assumed that §,,, exactly equals the true expected value, 7., then £, in (2)

is a sample draw from a distribution with a known mean of 2zero and variance ol
The square of this error, &, is thus under this assumption an unbiased estimate of -
0. One thus has two estimates of of,: one computed from the mean forecast

error and one computed by stochastic simulation. Let d,, denote the difference
between these two estimates:

dm = 5-2;1 - &izrk- (3’

1f it is further assumed that &;, exactly équais the true value, then 4d,, is the
difference between the estimated variance based on the mean forecast error and
the true vaniance. Therefore, under. the two assumptions of no error in the
stochastic-simulation estimates, the expected value of d,,. is zero.

The assumption of no stochastic-simulation grror, 1.e. ¥ = Jus and &2, = al,,
1s obviously only approximately correct at best. Even with an infinite number of
draws the assumption would not be correct because the draws are from estimated

- rather than known distributions. It does seemn, however, that the error introduced
by this assumption is likely to be small relative 1o the error introduced by the fact
that some assumption must be made about the mean of the distribution of d,,,.
Because of this, nothing more will be said about stochastic-simulation error. The
emphasis instead is on the possible assumptions about the mean of the
distribution of d,,,, given the assumption of no stochastic-simulation error.

The procedure just described uses a given estimation period and a given
simulation period. Assume for sake of an example that one has data from quarter
1 through 100. The model can then be estimated through, say, quarter 70, with the
forecast period beginning with quarter 71. Stochastic simulation for the forecast
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period will yield for each i and k a value of d;+,, in (3). The model can then be re-
estimated through quarter 71, with the forecast period now bzginning with
quarter 72. Stochastic simulation for this forecast period will yield foreach tand k
a value of d;75 in (3}. This process can be repeated through the estimation period
ending with quarter 99. For the one-period-ahead forecast (k = 1) the procedure
will yield, for each variable i, 30 values of 4, (1 = 71,..., 100); for the two-period-
ghead forecast (kK = 2)it will yield 29 valuesofd,; (f = 72,...,100};andsoon. Ifthe
assumption of no simulation error holds for all ¢, then the expected vatue of d,,, is
zero for all 1. _ _
" The discussion so far is based on the assumption that the model is correctly
specified. Misspecification has two eflects on 4, in (3). First, if the model is
misspecified, the estimated covariance matrices that are used for the stochastic
simulation will not in general be unbiased estimates of the true covariance
matrices. The estimated variances computed by means of stochastic simulation
will thus in general be biased. Secondly, the estimated variances computed from
the forecast errors will in general be biased estimates of the true variances. Since
misspecification affects both estimates, the effect on 4, is ambiguous. It is
possible for misspecification to affect the two estimates in the same way and thus
leave the expected value of the difference between them equal to zero. In general,
however, this does not seem likely, and so one would not expect the expected
value of d,,; to be zero for a misspecified model. The expected value may be
negative rather than positive for a misspecified model, although in general it
seems more likely that it will be positive. Because of the possibility of data mining,
misspecification seems more likely 1o have a larger positive effect on the oulside-
sample forecast errors than on the (within-sample) estimated covariance
matrices.

An examination of how the d,, values change over time (for a given jand k)may
reveal information about the strengths and weaknesses of the model that one
would otherwise not have. This information may then be useful in future work on
the model. The individual values may thus be of interest in their own right, besides
their possible use in estimating total predictive uncertainty.

For the total uncertainty estimates some assumption has to be made about
how misspecification affects the expected value of d,,. For the results in Fair
{1980a} it was assumed that the expected value of 4, is constant across time: fora
given i and k, misspecification was assumed to affect the mean of the distribution
of d,, in the same way for all 1. Other possible assumptions are, of course, possible.
One couid, for example, assume that the mean of the distribution is a function of
other variables. (A simpie assumption in this respect is that the mean foliows &
linear time trend.) Given this assumption, the mean can be then estimated from a
regression of d,, on the variables. For the assumption of a constant mean, this
regression is merely a regression on a constant {i.¢. the estimated constant term s
merely the mean of the d,,, values).® The predicted value from this regression for
period 1, denoted d,.. is then the estimated mean for period .
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Anestimate of the total variance of the forecast error, denoted &7, is the sum of
&}, — the stochastic-simulation estimate of the variance due 1o the error terms,
coefficient estimates, and exogenous variables —and d,,;:

8 o=k +d {4}

Since the procedure in arriving at 62, takes into account the four main sources of
uncertainty of a forecast, the values of 62, can be compared across models for a
given i, k, and t. If, for example, one model has consistently smaller values of 67,
than another, this would be fairly strong evidence for concluding that it is a more
accurate model, i.e. a better approximation to the true structure.

This completes the outline of the method. It may be useful to review the main
steps involved in computing &2, in (4). Assume that data are available for quarters
1 through T and that one is interested in estimating the uncertainty of an eight-
quarter-ahead forecast that began in quarter T+ 1 (i.e. in computing &, for
t=T+ land & = 1,...,8). Given a base set of values for the exogenous variables
" for quarters T+ I through T+ 8, one can compute &2, for £ = T+ 1 and
k = 1,...,8 by means of stochastic simulation. Each trial consists of one eight-
quarter dynamic simulation and requires draws of the error terms, coefficients,
and exogenous-variable errors. These draws are based on the estimate of the
model through quarter T. This is the relatively inexpensive part of the method.
The expensive part consists of the successive re-estimation and stochastic
simulation of the model that are needed in computing the d,, values. In the above
exampie, the model would be estimated 30 times and stochastically simulated 30
times in computing the d;, values. After these values are computed for, sdy,
quarters T—r through T, thend,,, canbe computedfort = T+ tandk = |,...,8
using whatever assumption has been made about the distribution of d;,,. This
then allows &%, in (4)to be computed forr =T+ land k= 1,...,8&

In the successive re-estimation of the model, the first quarter of the estimation
period may or may not be increased by one each time. The criterion that one
should use in deciding this is 1o pick the procedure that seems likely to
correspond to the chosen assumption about the distribution of d;, being the best
approximation to the truth. It is also possible o take the distance between the last
quarter of the estimation period and the first quarter of the forecast period to be
other than one, as was done above.

It is important to note that the above estimate of the mean of the d,,
distribution is not in general efficient because in general the error term in the d;,,
regression is heteroskedastic. Even under the assumption of no misspecification,
the variance of d,; is not constant across time, Without further assumptions
about the distribution of &, in (2}, there is little that can be done about improving
the efficiency of the estimates. Litterrnan (1979) for some of his results assumes
that &, is N{0,02,), and this allows him to estimate the mean of the 4,
distribution by maximum . likelihood (pp. 63-64). The problem with this
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approach is that the assumption that &, is normally distributed is not in general
~ correct, and so it is not clear that Litterman's approach does in fact lead to more
efficient estimates. This is still an open question.

I1.3 CALCULATION AND ANALYSIS OF THE d;, YALUES

I have used the method discussed in Section 11.2 to calculate d;,, values for my
model (Fair, 1976, 1980b} for a forecast horizon of eight quarters. The model was
estimated and siochastically simulated 44 times for these results. It may help in
understanding the method to describe in some detail the steps that were involved
in these calculations.

The model consists of 97 equations, 29 of which are stochastic, and has 183
unknown coefficients to estimate, including 12 first-order serial correlation
coefficients. 1t is nonlinear in both variables and coefficients. The data base that
was used for this study consists of observations from 19521 through 198011,
although the observations for 19801 were preliminary and with one exception
noted in Section 1.4 were not used for the results.

The first of the 44 estimation periods was 1954 1-1968 [V {60 observations).
The coefficients were estimated by two-stage least squares (2SLS), and the
covariance matrix of the coefficient estimates was computed. Let & denote the
vector of coefficient estimates, and let ¥ denote the estimated covariance matrix.*
Given the coefficient estimates, the covariance matrix of the error terms was
estimated as (1/60)EE", where E is the 29 x 60 matrix of values of the estimated
error terms. Let £ denote this matrix. Given these estimates, stochastic
simulation was then performed for the 1969 11-19711 period (8 quarters).® Both
the distribution of the error terms and the distribution of the coefficient estimates
were assumed 1o be normal. Each trial consisted of a draw of the 29 error terms
for each of the 8 quarters from the N(0,£) distribution and of a draw of the
coefficients from the N{&, V) distribution.® Each trial is a dynamic eight-quarter
simulation. The actval values of the exogenous variables were used for these
simulations, Assume that the quarters are numbered consecutively beginning
with 19521, so that 196911, the first quarter of the simulation period, is quarter
number 70. Let i denote the value on the jth trial of the k-guarter-ahead
prediction of variablé i from the simulation beginning in quarter 70. For J trials,
the estimate of the expected value of this variable, denoted ¥ ;-¢5. is:

i

Fou =

~

J .

Y Fhoe ()
i1
The estimate of the variance of the forecast error. 64, i5:

1 P
Ghoi = 7 Y (e — ¥ivo) {6}

=1
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The number of trials used for these estimates was 25.” Values of 100(6;70/¥ 704 ).
k=1,....8 for real GNP are presented in the first hall of row 1 in Table 11.1.
These values are the stochastic-simulation estimates of the standard errors of the
forecast, expressed as a percentage of the forecast mean. Given 7,144, the mean
forecast errors were next computed using (2). Values of 100([70:/¥ ouh
k= 1,...,8, for real GNP are presented in the second half of row 1 in Table 11.1.
These ratios are the estimates of the standard errors of the forecast based on the
actual outside-sample forecast errors, again expressed as a percentage of the
forecast mean.

The second estimation period was 1954119691 (6! observations), which
differs from the first period by the addition of one quarter at the end. Note that the
first quarter of the period was left unchanged. The coefficients were estimated by
2SLS for the period, and ¥ and £ were computed. Stochastic simulation was then
performed for the 1969 111-197111 period, yielding (for each variable { and
k=1I,..., 8)values of § ;4 and 6%, Given ¥ 716 the mean forecast errors were
computed using (2). Values of 100{8;7,4/¥ i75:) and 100(& /¥ vk k = 1,...,8,
for real GNP are presenied in row 2 in Tabie 11.1.

The above process was repeated {or the remaining 42 estimation periods. Since
only data through 19801 were used for the present resulis, the length of the
simulation periods for thelast seven sets of estimates was less than eight, ascan be
seen in Table 11.1. The last estimation period was 19541-1979111 {103
observations), and for this set of estimates the simulation period was merely one
quarter, 19801, which is quarter number 113,

The results in Table 11.1 show that the stochastic-simulation estimates of the
standard errors vary considerably across prediction periods (for a fixed k). Part of
this variability can be explained by sampling error, since only 25 trials were used
for each stochastic simulation. {Cost considerations prevented more trials from
being performed.) This does not, however, appear to be the main cause of the
varizbility. 1 re-ran a few of the 44 stochastic simulations wsing 250 trials, and in
general the variability between the estimates based on 25 trials and those based
on 250 trials was small relative to the variability across prediction periods. 1t thus
appears that there is considerable variability of forecast-error variances across
time (for a fixed k), at least for my model. This vaniability is due to different
covariance matrices, different initial conditions (i.c. different lagged values of the
endogenous and exogenous variables), and different values of the exogenous
variables for the prediction periods.

It is possible from the results for the 44 periods to compute values of 4, in (3)
foreach of the 97 endogenous variablesfork = 1,...,8 Fork = 1, 4 valuesof d,,,
can be computed (= 70,....113). For k =2, 43 values can be computed
{(0=71...,113 and so on through k=8 (1 = 77,..., 113}

It is possible, as discussed in Section 11.2, to try 10 estimate equations
explaining d,, {for a fixed i and k). The explanatory variables in these equations
would be variables that one felt had an effect on the degree of misspecification of



Table 14,1

Estimated standard errors for 44 estimation periods for real GNP. (Each simulation period begins two quarters after the end

of the estimation period)

Estimation 10006,/ T i) 100U lrF i)
period ending _
in k: 1 2 3 4 5 6 7 8 ) 2 3 4 5 6 7 %

i 1968 1V 066 094 141 163 210 295 438 549 024 169 269 3136 346 328 195 227
2 1969 1 G77 123 170 200 230 328 404 4% 094 140 192 L78 134 017 056 0.32
3 T 068 093 113 1.34 182 203 268 329 030 102 137 166 055 161 156 1.2%
4 11 070 094 110 134 158 178 221 234 06! 049 ORI 024 101 133 135 139
5 v 066 117 L75 215 26} 297 345 376 025 057 024 119 162 1%8 261 3119
6 1970 1 080 107 101 133 159 180 185 219 110 049 191 210 226 266 295 424
7 11 068 082 LI% 186 223 278 305 140 085 058 149 166 252 338 503 50K
8 Hi 069 121 175 207 241 244 235 243 158 249 274 1329 322 43 415 312
9 v 043 078 1.29 1.57 194 241 225 2.0} 056 100 043 011 138 176 195 203
{0 1971 1§ 070 130 167 175 212 252 290 106 022 016 0359 91 206 210 245 138
{1 n 074 136 182 2,13 232 241 295) 331 060 149 317 382 447 510 19§ 380
12 mn 076 097 119 159 19f 198 221 269 042 196 256 326 394 318 157 405
13 v 075 11t 169 186 204 219 23 2V 109 113 183 249 143 18 236 0H0
14 1972 1 0.52 072 106 138 140 171 218 298 026 071 143 083 120 169 020 099
15 1" 054 091 117 L31 124 140 182 217 035 104 016 043 066 125 087 077
16 HY 051 Q70 106 137 191 239 312 429 054 040 034 001 152 123 097 180
17 v 065 095 1.29 161 229 312 364 466 1.12 079 027 160 121 073 168 333
1% 1973 |} 051 0OR7 125 166 233 302 417 537 0.32 053 250 215 191 251 367 1.26.
19 i 048 O0RE 145 225 267 16 ?.4I 147 020 173 120 L 24 2.35 430 280 199
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the model. If, for example. one fell that the misspecification of the model was
greater during periods of rapidly rising import prices. some variable measuring
import prices or the rate of change of import prices could be tried as an
explanatory variable. Another possibility would be to use as an explanatory
variable a dummy variable that took on, say, a value of one in the quarters in
which misspecification was considered greater and zero otherwise. If one felt that
the degree of misspecification was changing smoothly over time, then a time trend
could be tried as an explanatory variable 1o test this. The ordinary least squares
estimates of these equations would not be efficient even if the correct explanatory
variables were used because, as discussed in Section 11.2, the error terms in the
equations are heteroskedastic. Nevertheless, the estimates might reveal useful
information regarding the misspecification of the model.

No regressions of the above kind were in fact run for the results in this paper.
Instead, values of d,, were ploited and examined in a casual way 1o see if any
systematic tendencies could be noted. Given the relative small number of
observations (between 37 and 44) and the fact that there is little past experience
examining values of this kind, it seemed best at this stage to take a less formal
approach. For the plots for variables with trends, like real GNP, d,, was
normalized by the square of the forecast mean before being plotted. 1n other
words, d,,,/f 2, was plotted instead of d;,.. (Remember that d,, is in units of the
variable squared.) With respect to the valuesin Table 11.1, du/y Buisfora given k
the difference between the square of the value in the first half of a particular row
and the square of the value in the second half of the row.

The plot for real GNP for the one-quarter-ahead forecast (k = 1} is presented
in Figure 11.1. Itis clear from this plot that there is no obvious pattern. The values
are not obviously larger on average for one subperiod than for another, and there
is no obvious trend in either direction. The four largest values are for 19711,
19741, 19751, and 1976 1. This can also be seen from the results in Table 11.1. The
_ estimation period ended in 1970 111 (row 8)for the simulation period beginning in
19711 and, for this set of estimates, the absolute value of the one-quarter-ahead
forecast error is large (1.58 percent}. Likewise, the one-quarter-ahead errors in
rows 20, 24, and 28 are large (1.54, 1.58, and 1.57 percent, respectively). 1971 i isa
quarter following an automobile strike, and this probably accounts for the large
value for this quarter. Although the other three quariers are in a period of rapidly
rising U.S. import prices (due 1o rapidly rising oil and food prices and the
weakness of the dollar), the fact that the values for these three quarters are not
surrounded by other large values considerably lessens the evidence in favour of
the hypothesis that the misspecification of the model was greater during this
period.

Simnilar ‘nonsystematic’ plots were obtained for other vaniables in the model,
Plois are presented in Figures 11.2-11.6 for five other variables (for k = 1) the
GNP deflator, the unemployment rate, the wage rate, the bill rate, and the money
supply. As can be seen, these plots show no real systematic tendencies. A partial
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Figure 11.! Real GNP one quarter ahead (k = 1). 44 observations: 1969 11-19801

exception 10 this is the plot for the bill rate, where the values for the last two
quarters are large. 1f there was a substantial change in U.S. monetary policy
following the October 6, 1979, announcement of the Federal Reserve, then one
would expect the bill-rate equation in the model, which is meant to explain the
behaviour of the Fed, to be misspecified more in 19791V and 19801 than
otherwise. This appears to be the case from the plot in Figure 11.5. This issue of
the possible change in Fed behaviour is discussed in detail in Fair (1981).
Plots of d,, or diu/5 ki for values of k greater than one also showed no
systematic tendencies except for a tendency for some of the series 1o be senally
correlated for values of k greater than about four or five. This can be explained as
follows. H, say, quarter 85 is a difficult quarter to predict, perhaps because of a
large unexplained shock in the quarter, then a dynamic simulation that runs
through this quarter may also do poorly in predicting quarters 86 and beyond. In
other words, the simulation may get thrown off by the bad prediction in quarier
85. This means, for example, that five-quarter-ahead forecasts for quarters 85, 86,
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Figure 11.2 GNP deflator one quarter ahead (k = 1). 44 observations: 1969 1i-19801

87, 88, and 89 may all be on average poor, thus implying large values for &2, (k = 5
and 1 = 85,...,89). The shock in guarter 85 will have no effect on the stochastic-
simulation estimates of the variances, since these are not based on the actual data
for the endogenous variables for this quarter, and so the large values of the
outside-sample errors imply large values of d,,,. In this way, serial correlation may -
be introduced into the d,, series for values of & greater than one.

My impression from examining all the plots is that the misspecification of the
model does not appear to have changed over time or 1o have been different in any
subperiods. To give one final example of these plots, d;./¥ % for real GNP for
k = 8 is plotted in Figure 11.7. The values for 1976111, 19761V, and 19771 are
large, but otherwise there is nothing unusual. The values for these three quarters
are from simulations beginning in 19741V, 19751, and 19751}, the period of
rapidly rising U.S. import prices. As can be seen from rows 23,24, and 25in Table
11.1, the outside-sample errors for these three simulations are generally Jarge.
This pattern does not persist beyond row 25 (i.e. bevond 19771 in Figure 11.7),
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and so one would probably not conclude from Figure 11.7 that the
misspecification of the model changed in this period.

The fact that the misspecification of the model does not appear 1o have
changed over time is not in itsell encouraging regarding the accuracy of the
modet. The misspecification may in fact be quite large, even though unchanging,
and have a large effect on total forecasting uncertainty. What is encouraging
about the results is that the assumption of a constant mean for the d,,, distribution
(for a fixed i and k) seems to be a reasonable approximation® Given this
assumption, it is possible 10 estimate the effect of misspecification on total
uncertainty, and this is done in the next section.

114 ESTIMATION OF TOTAL UNCERTAINTY

The estimates of total predictive uncertainty for the period 1980 111-1982 1V are
presented in Table 11.2 for six variables. The steps that were involved in obtaining
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Figure 11.3 LUnempioyment rate one guarter ahead (k= 1) 44 observations:
1969 H1-19801
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these results will first be explained, and then the resulis themselves will be briefiy
discussed. . :

Remember that the data base for this study consists of observations from 1952 ]
through 1980 11, although the data for 198011 are preliminary. The last of the 44
estimation periods used for the results in Section 111 was 1954 1-1979111. For the
results in Table 11.2 the model was re-estimated through 19801, ie. for the
1954 1-1980 1 period.® The simulation period was chosen 10 be 1980 111-19821V.
The values for 198011 were used as initial conditions for the simulations,
although, as just noted, they were not used in the estimation. The values of the
exogenous variabies for the simulation period had 10 be guessed. The values that
were used for this purpose were values that T used in August 1980 to make a
forecast with the model. For future reference, these values will be called “base’
values.

Given the estimates of the coefficients and of the covariance matrices and given
the exogenous-variable values, the uncertainty from the error terms and
coefficient estimates was computed by means of stochastic simulation. These
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Figure 11.4 Wage rate one quarter ahead (¢ = 1). 44 observations: 1969 1i-19801
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Figure 1.5 Bill rate one quarter shead (k = 1). 44 observations: {969 11-196G1

resulis are presented in the o and b rows in Table 11.2. For the g-row results, only
draws from the distribution of the error terms were made, whereas for the b-row
results draws from both the distribution of the error terms and the distribution of
the coefficient estimates were made. The number of trials used for each of these
two stochastic simulations was 250.

As noted in Section 11,2, for the estimates of exogenous-variable uncertainty
an eighth-order autoregressive equation for each exogenous variable (including a
constant and time in the equation) was estimated. This was done for the 60
nontrivial exogenous variables in the model. The estimation period was
1954 11-19801. For each exogenous variable the estimated standard error from
this regression was used [or the estimate of the degree of uncertainty attached 1o
forecasting the change in the variable for each quarter. Given these estimates and
given the base values of the exogenous variables, aiternative values of the
exogenous variables can be drawn for the stochastic-simulation trials.'® The
results of stochastic simulation with respect to the error terms, coefficients, and
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Figure 11,6 Money supply one quarter ahead (h = 1}. 44 observations: 196911-19%80]1

exogenous-variable vatues are presented in the ¢ rows in Table 11.2. These results
were elso based on 250 trials. Using the notation in Section 11 2, the c-row values
are values of &4 o /0 i

The final step is to estimate foreach i and ic the mean of the d,,, distribution, d..
and then use equation (4) to compute the estimate of the total variance of the
forecast error, 2,. Given the assumption that the mean of the d,,, is constant, A
is for each i and k merely the mean of the d,, values.!! From the results in Section
11.3, these means can be computed for each i and k. For k = 1, there are 44
observations; for k = 2, there are 43 observations; and so en. These means were
calculated, and 67, in (4) was computed. The values in the d rows in Table 11.2 are
the square roots of 42,.'2 Examining the differences between the d- and c-row
values in Table 11.2 1s a way of examining the effects of misspecifications on the
predictive accuracy of the model.

The results in Table 11.2 are fairly self explanatory, although a few features
should be mentioned. Note first that some of the ¢-row values are less than the
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Figure 11.7 Real GNP eight quarters ahegd {k = ¥). 37 observations: 1971 1-1950}

corresponding h-row values, Although some of this may be due to sampling error,
there i1s no requirement that each c-row value be larger than the corresponding b-
row value. In the present model there is a tendency for more variability of prices
to be associated with fess variability of real GNP and related real variables. One
of the most important and uncertain exogenous variables in the model is the price
‘of imports, and this variable has its major impact on prices. Adding exogenous-
variable uncertainty thus increases the variability of prices, and leads, as in row ¢
in Table 11.2 for the GNP deflator, (o increased predictive uncertainty for prices.
This increased variability in prices leads, other things being equal, to decreased
variability (and thus decreased predictive uncertainty) in real GNP and related
real variables. There are also undoubtedly other offset effects like this. The net
resujt of these and other effects may be that for some variabies adding
exogenous-variable uncertainty lessens predictive unceriainty.

Note also that some of the d-row values in Table 11.2 are less than the
corresponding c-row values. As discussed in Section 11.2, the mean of the 4,
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Table 11.2 Estimated standard errors of forecasts for 1980 H1-19821V

o = uncertainty due 10 error 1¢rms.
b = uncertainty due 10 error terms and coefficient estimates —d,, or Gi/¥ ke

¢ = uncertainty due to error terms, coefficient estimates, and exogenous variables —a,,
or 3‘!&’?1&&

d = uncertainty due to error terms, coefficient estimates. exogenous variables, and the
possible misspecification of the model — &, O @/ i

1950 1981 1982
v 1 i w 1 nom w

Real GNP u 059 056 108 120 144 152 i.54 1.55 148 148
6 070 LU 143 177 199 213 235 235 246 248
¢ 077 LI} 143 169 202 234 263 268 278 293
d 082 1.06 142 137 227 269 289 278

GNP deflator ¢ 032 043 051 058 080 064 072 076 082 0.8
b 032 046 067 084 103 122 143 161 177 194
¢ 046 067 09 109 1.26 145 164 184 200 219
4 058 1.03 153 206 256 306 358 4.04

Unemploy- o (.26 040 052 058 066 074 082 085 089 082
mentrate  » 033 054 0.75 091 108 L.13 1.8 124 128 L36
¢ 033 052 067 079 096 108 1.20 132 139 L350

d 037 053 061 067 081 087 091 091

Wage rate u 058 078 099 108 LI9 130 1.36 142 144 15
b 065 103 140 173 206 233 263 286 3312 338
¢ G710 108 146 1.7 204 238 266 294 327 349
d G 123 180 237 303 367 4331 492

Bili rate 046 067 082 093 097 1.00 103 L6 120 123

054 080 0% 14 1.29 140 1,51 163 1.72 179

u
h 055 084 107 126 138 1.52 164 182 195 206
¢
d 072 10% L1y 131 1.4% 1.6] 1.69 175

a 083 109 1.31 146 162 L9 186 195 204 206
B 094 1.2% 163 205 229 253 277 312 333 363
¢ 092 133 167 195 239 271 313 347 386 428
d 132 203 164 3130 410 47C 541 621

Money supply

Estimation period for a, b, ¢ calculations: 1954 [-19801,

d-row values based on 44 sets of estimaies of the model.

Units sre percentage points.

The standard errors are divided by §,,, except lor the unemployment raie and the bill rate
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distribution may be negative for a misspecified model, although in most cases this
does not seem likely, There are a few cases in Table 11.2 where this is true,
although in general the estimated means are positive.

The results in Table 11.2 are an update of the results in Table 2 in Fair (1980a).
The previous results were based on 35 sets of estimates of the model, as opposed
to 44 here. The new results are quite close to the old; there appear Lo be no major
changes in the predictive uncertainty of the model by the addition of 9 more
quarters. For a user of the model the results in Table 11.2 can be used to gauge
how much confidence to place on any given forecast from the model.

It should finally be noted that because the d-row values account for all four
sources of uncertainty, they can be used 1o make accuracy comparisons across
models. | have used the method for this purpose in Fair (1979), where four models
are compared. The hope is that over time the method can be used (o eliminate less
accurate models.

11.5 CONCLUSION

The emphasis in this paper has been on estimating the effects of misspecification
on predictive accuracy. For a correctly specified model the expected value of the
diflerence between a forecast-error variance estimated by stochastic simulation
and by an outside-sample forecast error is zero (ignoring simulation error). Fora
" misspecified model the expected value is unlikely to be zero, and so examining the
differences between these two estimates is a way of examining the effects of
misspecification. The examination of the differences for my model in Section 11.3
did not reveal any evidence that the degree of misspecification of the model was
changing over time or was different for different subperiods. This implies that the
assumption that the mean of the distribution of the differences (for a given
variable and horizon of the forecast) is constant across time may be a fairly good
approximation. Given this assumption, it is possible to estimate the effects of
misspecification on predictive accuracy, and this was done in Section 11.4.
The approach taken in this paper is one of estimation rather than hypothesis
testing. The implicit premise is that misspecification exists and so must be
accounted for in some way. If more were known about the distribution of the
differences, it might be possible to test the hypothesis of no misspecification. As
noted in Section 11.2, Litterman {1979) has made some progress in this area,
although his results are based on a strong assumption about the distribution of
the outside-sample forecast errors. It is clearly an open question as to how much
can be learned about the distribution of the difierences. 1f, however, most models
. are misspecified, as | believe is likely to be the case, then testing the hypothesis of
no misspecification is of less imporiance than trying 1o estimate the effects of
misspecification. Given an assumption about the mean of the distribution of the
differences, the method discussed in this paper does allow this to be done.
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NOTES

! Note that it 1s implicitly assumed here that the variances of the forecast errors exist. For
some estimation techniques this is not always the case. I in & given application the
vatiances do not exist, then one should estimate other measures of dispersion of the
distribution, such as the interquarntile range or mean absolute deviation.

I Note that + denotes the first quarter of the simulation, so that 1 w4 15 the estimated
expected value for quarter t + & — 1.

3 For the results in Fair (1980a) a shightly different assumption than that of a constant
mean was made for wanabics with trends. For these vanahies it was assumed that the mean
of d,, is proportional 10 ¥ 2. ie. that the mean of d,,/F 2, is constant across time.
4There are 2 few dummy variables in the model thay are not relevant for the early
estimation periods, which means that there are slightly fewer than 183 coefficients o
estimate for the early periods. For the first estimation period. {or example, there are 170
coefficients 1o estimate. Aithough the covariance matrix of the 2SLS coefficient estimates is
not block diagonal (see Fair and Parke, 1980, p. 273). for purposes of the results in this
section only the diagonal blocks of ¥ were computed. It is fairly expensive to compute the
off-diagonal blocks, and this would have to have been done 44 times. Instead, the off-
diagonal blocks were taken to be zero,

® Note that there is & one quarter gap between the end of the estimation period and the
beginning of the simulation period. In practice the data for the most recent quarier are
usualty preliminary, and in my work I use these data as initial conditions for a forecast but
no! as observations for estimation, The procedure in this section is consistent with this
practice.

% The draws were per[crmcd as follows. Let u* denote a parvicular draw of the 29 error
terms for quarier 1 from the N {0, £} distribution. £ was factored into PP, and then u® way
computed as Pe, where e is 8 29 x } veclor of standard normal draws, Since Fee' = [,
then Eg*u* = EPee'P = ¥, which is as desired. u* was drawn for each of the eight
quarters. Let a* denote a particular draw of the coefficients from the N{&,F ) distribution.
¥ was faciored into PP, and then a* was compuied as & + Pe, where ¢ is a vector of
standard normal draws with dimension equal to the number of coefficients. Since Fee' = /,
then E(@* — &) (& — &) = EPee’P = ¥, which is as desired.

" The number of trials for the other 43 stochastic simulations was also 25. For a few of the
25 x 44 trials the solution algorithm failed, and in these cases the trials were merely
skipped. This procedure is Iikely to introduce a downward bias in the stochastic
simulation estimates of the varianoes, since the algorithm presumably failed because of an
extreme draw. In most, if not &li, of these cases it is likely that a solution could have been
obtained had the solution algorithm been appropriately damped. The number af failures
was fairly small, and so this bias is not hke]y 1o be very large.

® For variabies with trends the assumption is that the mean of d,,, is proportional to § ..
See Note 3.

* For this set of estimates the covariance matrix of the 2SLS coefficient estimates was not
1aken to be block diagonal, but was instead estimated using formula (4), p. 273 in Far and
Parke (1950}

'See Fair (1980a). pp. 374375, for a detailed discussion of the procedure that was used 10
draw the exogenous-variable values.

'In this case no t subscript is realty needed for d;s. since it is not a function of ©.

12 For variables with trends the mean 0}' thed,, v 7, valugs w as calculau:d tior a given i and
k) and this mean was added to 42,1 2, 1o yield a vaiue of 6 a%..‘ ¥ 2, The d-row values in
Tabie 11.2 {or these variabies are the square roots of EENIEN
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