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Abstract

In previous work, we have used Bayesian methods in the analysis of various modelsto
explan past variaion and forecast future values of the rates of growth of red GDP for 18
industridized countries. Using these modds, point and turning point forecasts were calculated
and found to be reasonably accurate compared to those of benchmark and other models
forecasts. In this paper, Marshdlian demand, supply and entry models are employed for mgjor
sectors of an economy that can be combined with factor market models for money, [abor,
capital and bonds to provide a Marshdlian macroeconomic model (MMM). Herein, the
sectora models are used to produce sectora output forecasts which are summed to provide
forecagts of annua growth ratesof U.S. red gross domestic product (GDP). These
disaggregative forecasts are compared to forecasts derived from modd s implemented with
aggregate data. The empirical evidence indicates that it pays to disaggregate, particularly when
employing Bayesan shrinkage forecasting procedures. Further, some condderations bearing
on dternative modd-building srategies will be presented usng the MMM as an example and
describing its generd properties. Last, data requirements for implementing MMMs are
discussed.

1. Introduction

For many years, theoretica and empirical workers have tried to model nationd economies
in order to (1) understand how they operate, (2) forecast future outcomes and (3) evaluate
dternative economic policies. While much progress has been made in the decades since
Tinbergen’s pioneering work, it is the case that no generdly accepted modd has as yet
gppeared. On the theoretical side, there are monetary, neo-monetary, Keynesian, neo-
Keynesian, red business cycle, generdized red business cycle and other theoretical models;
see, Belongiaand Garfinkd (1992) for an excellent review of many of these modds and Min
(1992) for adescription of ageneraized red busness cycle model. Some empirica testing of
dternative modds has appeared in the literature.
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However, in Fair (1992) and Zdlner (1992), invited contributionsto a St. Louis Federa
Reserve Bank conference on aternative macroeconomic models, it was concluded that thereis
agreat need for additiond empirica testing of dternative macroeconomic modeds and
production of improved models.

Over the years many structural econometric and empirical statistical models have been
congtructed and used. These include large structurd econometric modds, e.g. the Tinbergen,
Klein, Brookings-SSRC, Federa Reserve-MIT-PENN, OECD, Project Link and other
models. While progress has been made, there does not yet gppear to be a structural mode that
performs satisfactorily in point and turning point forecasting. Indeed, the forecasting
performance of some of these models is not as good as that of smple benchmark models, eg.,
random walk, autoregressive, Box-Jenkins univariate ARIMA and autoregressive-leading
indicator (ARLI) models; see, e.g., Cooper (1972), Garcia-Ferrer et d. (1987), Hong (1989),
and Nelson and Plosser (1982). Further, some have implemented vector autoregressive (VAR)
and Bayesan VAR models in efforts to obtain improved forecasts, see, e.g. Litterman (1936)
and McNees (1986). However these VARS have not in genera been successful in point and
turning point forecasting performance as noted by Zarnowitz (1986) and McNees (1986). See
aso the amulation experiments performed by Adelman and Ademan (1959) and ZdIner and
Peck (1987) that revealed some rather unusua properties of two large scale econometric
models.

Given the need for improved models, in Garcia-Ferrer et d. (1987) an empirica
implementation of the structural econometric-time series andyss (SEMTSA) approach of
ZdIner and Palm (1974, 1975), PAm (1976, 1977, 1983) and ZdIner (1979,1994) was
reported. In line with the SEMTSA generd gpproach, rdatively smple forecasting equations,
autoregressive leading indicator (ARLI) models were formulated and tested in forecasting
output growth rates for nine industriaized countries with some success. In later work, the
sample of countries was expanded to eighteen and the forecast period extended to include more
out of sample growth rates of rea GDP to be forecast. Building on work of Wecker (1979)
and Kling (1987), a Bayesian decision theoretic procedure for forecasting turning points was
formulated and gpplied that yielded correct forecasts in about 70% of 211 turning point
episodes; see Zelner and Min (1999), ZeIner, Tobias and Ryu (1999) and the references cited
in these papers. Further, the ARLI models were shown to be compatible with certain aggregate
supply and demand, Hicksian “IS-LM” and generdized red business cycle modesin Hong
(1989), Min (1992) and Z€lIner (1999).

In a continuing effort to improve our models, in the present paper, we use ardatively
sample, Marshdlian modd in Section 2 that festures demand, supply and entry equations for
each sector of an economy; see Veloce and Zdlner (1985) for aderivation of this mode and an
gpplication of it in the andyss of data for a Canadian industry. The modd is solved to produce
a sectord relation that can be employed to forecast sectora output. These sectord output



forecasts are summed to produce forecasts of total output that are compared to forecasts
derived from models implemented with aggregate data. Some possible advantages of
disaggregation have been discussed earlier by Orcutt et . (1961), Espasa (1994), Espasa
and Matea (1990), and de Alba and ZdIner (1991), among others. Actua comparisons of
such forecasts for U.S. annua real GDP growth rates, 1980-1997 will be reported in Section 4
after datistica estimation and forecasting techniques, employed to implement the MMM are
presented in Section 3. In Section 4, the data used in our empirical forecasting work are
described and forecasting results using the MMM and other models with no disaggregation and
with disaggregation are reported . Also, MMM models forecast performance is compared to
that of various benchmark and ARLI model. In Section 5, some comments on data
requirements, a summary of conclusions and remarks on future research are presented.

2. TheMarshallian M acr oeconomic Model (MM M)

In the MMM, we have three basic rather well known equations, described and applied in
Veloce and ZdIner (1985), namely the usud (1) demand for output, (2) supply of output and
(3) entry equations encountered in Marshdl’ s famous economic andyses of the behavior of
indugtries. While many macro models have included demand and supply equations, they have
not included an entry equation. For example, in some models there is just a representative firm
and one wonders what happens when the representative firm shuts down. In our MMM modd,
supply depends on the number of firms in operation and thus an equation governing the number
of firmsin operation, an entry equation, isintroduced.

We shdl use two variants of the MMM modd, namely an aggregate, reduced form variant
and a disaggregated structurd equation variant. In the aggregate variant, we shal adopt a“one-
sector” view of an economy while in the disaggregated variant, we adopt a multi-sector view of
an economy. As regards the multi- sectord view, many assumed structures are possible, dl the
way from the multi- sectoral view of traditiona Leontieff input-output analysis to the smple view
that we shdl employ, namdy an economy in which each sector sdlsin afind product market.
Herein, we do not take up the interesting problem of classfying economies by the nature of their
sectord interrelations. However, we shadl show that by adopting our sectora view, we are able
to improve forecasts of aggregate output growth rates since disaggregation provides more
observations to estimate relationships and permits use of sectord specific variablesto help
improve forecasts. Of coursg, if the disaggregated relations are misspecified and/or the
disaggregated data are faulty, then there may be no advantages and perhaps some
disadvantagesin using disagregated data, asis evident. Also, there are some circumstances
even when data are good and relations are well formulated when disaggregation does not lead
to improved forecasts. However the issue can not be completely settled theoretically and hence
our current empirical work.

Asexplaned in Veloce and Zdlner (1985), the equations for a sector that we use are a demand
equation for output, an industry supply equation for output and a firm entry equation. While we
could daborate the system in many ways, we shdl go forward to determine how well this



amplest sysem peforms empiricdly, our “Modd T” that can be improved in many different
waysin the future. When these three equations are solved for the implied equation for the
sectoral output growth rate, see Vdoce and Zelner (1985) for details, the result is the following
differential equation for total industry sales, denoted by S= S(t):

(US)dS/dt = a(1-S/F) + g 2.1)

where aand F are podtive parameters and g is alinear function of the growth rates of the wage
rate, the price of capita, and of demand shifters such as real income, real money balances, etc.
If g=0or g=c, apodtive condan, it isthe case that (2.1) isthe differentid equation with a
logidtic curve solution that is employed in many sciences, including economics. Also, note that
(2.1) incorporates both the rate of change of S and thelevel of S, a*“cointegration” effect. Also,
see Veoce and Zellner (1985, p.463), for analysis of (2.1) when g = g(t), aspecid form of
Bernouilli’ s differentid equation and its solution.

In our empirical work we shdl use the discrete gpproximations to equation (2.1) shown
in Table 1'and denoted by MMM (DA)I-IV. In these equations, the rate of growth of S, redl
output, isrelated to lagged levels of S, lagged rates of change of real stock prices, SR, and redl
money, m, and current rates of change of redl wage rates, W, and real GDP, Y. The variables
mand Y are“demand shifters’ while W isthe price of labor and SR isrelated to the price of
capital. Asnoted in the literature and in our past work, the rates of change of m and SR are
effective leading indicator variables in aforecasting context and their use has led to improved
forecasts in our past work; see, references cited above for empirical evidence.

Shown under Sectora Forecasting Equationsin Table 1 are three benchmark models
that will be used to produce sectoral one year ahead forecasts of the rates of change of output
for each of our 11 sectors. Thefirst isan AR(3) that has been used in many earlier sudiesasa
benchmark modd. The second isan AR(3) that incorporates lagged leading indicator variables
and current values of W and Y but no lagged level
variables. Thethird “Digtributed Lag” mode is like the second except for the inclusion of
lagged rates of changeof W and of Y.

At thetop of Table 1, under Reduced Form Equations, are shown reduced form
equations for the rate of change of Y, annud real GDP. Thefirg isabenchmark AR(3) modd.
The second isan AR(3) with lagged leading indicator variables that is denoted by AR(3)LI.
The third model, denoted MMM(A) isthe same asthe AR(3)LI modd except for the inclusion
of two lagged Y variables, where Y =red GDP, and atime trend, t.

For our aggregate anayses, we use the Reduced Form Equationsin Table 1 to produce
one year ahead forecadts of the rate of change of rea GDP, Y, that we refer to as

! All tables and figures are a the end of the paper.



“aggregate forecasts.” These are means of diffuse prior Bayesan predictive dengties for each
modd that are Smple one year ahead least squares forecasts. As explained below,
the MMM (A) reduced form equations for the rates of change of Y and of W will be employed
in the estimation of the Sectora Forecasting Equations and in computing one year ahead
forecasts of sectora outputs growth rates. These sectora growth rate forecasts are
transformed into forecasts of levels, added across the sectors and converted into a forecast of
the rate of change of red GDP, Y. Root mean squared errors (RM SES) and mean absolute
errors (MAES) are computed for each forecasting procedure and are shown in tables below.
3. Egtimation and Forecasting M ethods
3.1 Notation and Equations

In what follows, we shal use the following notation. For each sector, we have:

1. Endogenous or Random Current Exogenous Varigbles:

yi =(L- L)logst; yp =(1- L)logwy; ya =(1- L)logy,

where S; = sectoral red output, \W; = nationa real wage rate, and Y = real GDP.

2. Predetermined Variables:

xGt= (L, St-1,St-2.St-3 (- L)log SRy-1,(1- L)logm,_,)

where SRy = red stock priceand m; = red money.
We use these variables to form the following structural equation for each sector:
Y1t = Y2t921F Y2931+ xGt Py +ux t=12.,T

or
y1=Y191+ Xabrun (3.2)

where the vectors y; and u; are TxL, Y1is Tx2and X 1is Tx5 and d¢= (g;¢b, 4 isa
vector of structural parameters.

The MMM unregtricted reduced form equations, shown in Table 1, are denoted by:

Y1=Xp1tva (3.24)



Y11= X P1+V1 (32b)

where X = (X1, X o) With X o containing predetermined variables in the system thet are not
included in equation (3.2).

By subgtituting from (3.2b) in (3.1), we obtain the following well known restricted reduced
form equation for y; :

Y1 = XP 191+ X1bgtwvy (3.39)
=Zdi+v (3.30)
whereZ = (X p1 Xy, that is assumed of full column rank.
Further, if we consder the regression of v onvq,

vi =Vihy +e; = (Y- XPihy +e (34)
we can subgtitute for 4 in (3.3) to obtain:

1= XP 101+ X1+ (Y1- XPJhi+er (3.5)

In (3.5), for given p 1, wehavearegressonof y; on XP1,X;ad Y- XP;. Giventhat
isuncorrelated with the the dements of /¢, the system (3.2b) and (3.5) is anonlinear in the

parameters SUR system with an error covariance matrix redtriction. Pagan (1979) has earlier
recognized a connection of the above modd in (3.1) and (3.2b) to the SUR modd given the
“triangularity” of the system and reported an iterative computationa procedure for obtaining
maximum likelihood estimates of the structura coefficients. In our case, we shdl use (3.2b) and
(3.5) asabassfor producing a convenient algorithm for computing posterior and predictive
dengties.

Note further thet if g, =h, (3.5) becomes:

Y1=Y191+ X1b1t+ e (3.6)



the same as (3.1) except for the error term. It is possible to view (3.6) as aregresson with Y
containing observations on stochastic independent variables given that the eements of ¢; and
V1 areuncorrelated. The above restriction however may not hold in general. Another
interpretation that permits (3.6) to be viewed as a regression with stochastic input variables is
that the variables y,, and y, are stochastic exogenous variables vis avis the sectora model.
In such agtuation, (3.1) can be treated as a regression equation with stochastic independent
variables. However, we are not sure that this exogenety assumption isvaid and thus will use

not only least squares techniques to estimate (3.1) but dso specia smultaneous equations
techniques.

3.2 Egtimation Techniques

The sampling theory estimation techniques that we shal employ in estimating the parameters
of (3.1) arethe wdl known “ordinary least squares’ (OLS) and “two-stage least
squares’ (2SL.S) methods. As shown in Zdlner (1998), in very smal samples, but not in large
samples, the OLS estimate is an optimal Bayesan estimate relative to a generdized quadratic
“precison of etimation” loss function when diffuse priors are employed. Also, the 29L.S
estimate has been given an interpretation as a conditiona Bayesian posterior mean using (3.3)

conditional onp1 = B, =(X X ) 1X# , anormal likelihood function and diffuse priors for the

other parameters of (3.3). A smilar conditiond result is obtained without the normdity
assumption using the assumptions of the Bayesian method of moments (BMOM) approach; see,
eg. Zdlner (1997, 1998). Sincethe“plugin” assumptionp 1 = p 4, does not alow
appropriately for the uncertainty regarding P ‘s vaue, the 2SLS estimate will not be optimal in
smal samples; see, eg. Monte Carlo experiments reported by Tsurumi (1990), Park (1982)
and Lahiri and Gao (1999). However, since OLS and 2SS are widdly employed methods,
we shal employ them in our analyses of the models for individua sectors.

In the Bayesian approach, we decided to use the “ ExtendedMinimum Expected Loss’
(EMELO) optimal estimate put forward in ZelIner(1986, 1998) that has performed well in
Monte Carlo experiments of Tsurumi (1990) and Gao and Lahiri (1999). It isthe estimate that
minimizes the pogterior expectation of the following extended or balanced loss function:

Land)=wlys - Zd Ty - Zdo)+ @ wilew - &zl - d2) @)
= W(Yl - Zal)(r()ﬁ - Zal)"'(l’ W)(Xpl - Zal)Q(Xpl' Zal)

wherew has a given vauein the closed interval 0to 1, 6I1issomee£timate ofdq , and in going

from thefirgt line of (3.7) to the second, the identifying restrictions, multiplied on the left by X,
namedy Xp, = Zd; have been employed.



Reative to equation (3.3), the first term on the right Side of (3.7) reflects goodness of fit
while the second reflects precison of estimation or from the second line of (3.7), the extent to
which the identifying restrictions are satisfied when an estimate of d ;is employed. When the

posterior expectation of the loss function in (3.7) is minimized with respect tocil the minimizing
vaueis

G1=[EZ@) wEZ ty, +(1- wW)EZ txp4] (39)

On evduation of the moments on the rhs of (3.8), we have an explicit value for the optimal
edimate. For example, with the assumption that for the unrestricted reduced form system in
(3.2), therowsof (v1,V1), areiid N(0, W), where W is a pds covariance matrix, combining a
gandard diffuse prior for the reduced form parameters with the normd likelihood function yieds
amarginal matrix t dengty for the reduced form coefficients. Thus the moments needed to
evaduae (3.8) are readily avallable; see Zdlner (1986) for detals, and the result is surprisingly in
the form of adouble K class estimate shown in (3.9):

¢

L . n -1
) 2913 2{1%1 - K1V1?/1 Y1¢X1 3 ng 2V1) )&3
é~y ¢ u % -
it &Y X1 & X% Y
with \71 :Yl - XPl,I31 = (Xiﬁ()'lxw’lmd
K1=1- k/(T- k- m- 2) and Ko = Kq+wk/(T - k- m- 2) (3.10)

K-class and double K-class estimates are discussed in most econometrics texts; see, e.g. Judge, et
a (1987) and the choice of optimal valuesfor the K’ s has been the subject of much sampling theory
research. The Bayesian gpproach provides optimal vaues of these parameters quite directly on use
of goodness of fit, precison of estimation or baanced loss functions.

When the form of the likdihood function is unknown and thus atraditional Bayesan andyssis
impossible, we used the Bayesian method of moments (BMOM) approach in ZelIner (1998) to
obtain a postdata maxent density for thedementsof P = (Pqp; ) that was used to evaluate the
expectation of the balanced loss functionin (3.7) and derive an optimd vaue of ¢, thatisadsoin
form of adouble K class estimate, shown in (3.9) but with dightly different vaues of the K
parameters, namely K1=1- k/(T - k) and K » = K1+ wk/(T - k). Inour caculations based on



the extended MEL O estimate, we used the BMOM K vaues and w = 0.75, the vaue used by
Tsurumi (1990) in his Monte Carlo experiments.

SUR edtimates for the system were computed by assuming that the y, and y5 varigblesin

(3.1) are stochagtic exogenous variables for each sector and treating the 11 sectora equations as a
set of seemingly unrelated regresson equations. We estimated the parameters by “feasible”’
generdized least squares. The parameter estimates so obtained are means of conditiona posterior
denstiesin traditional Bayesian and BMOM approaches.

Complete shrinkage estimation utilized the assumption that all sectors parameter vectors are the
same. Under this assumption and the assumption that the y, and y5 variables are stochastic

exogenous variables, estimates of the restricted parameter vector were obtained by least squares
that are aso posterior means in Bayesian and BMOM approaches.

Exact pogterior denstiesfor the structura parametersin (3.5) can readily be caculated in the
Bayesian approach by using diffuse priorsfor the parameters of (3.5) given P 4, that is, auniform
prior on dementsof d4,b4,h4, andlog s ¢, where s ¢ isthe landard deviation of each element
of e. Further, the usud diffuse priors are employed for p ; and W4, amargind uniform prior on the
elements of the reduced form matrix p 1 in (3.2) and adiffuseprior on W , the covariance matrix
for the independent, zero mean, norma rows of \/ 1. With use of these priors, the usud normal

likelihood function for the syssem and Bayes Theorem, we obtain the following joint posterior
dengty for the parameters, where D denotes the given data; see Zdllner, Min, Ddlare and Currie
(1994) and Currie (1996):

f (91’ bl’h]JS eP1 D)g(S dP1, D)h(P1|W1’ D)j( D) (3.11)
MVN IG MVN AW

where MVN denotes a multivariate norma density, |G an inverted gamma density and IW an
inverted Wishart dendty. A smilar factorization of the joint BMOM post data density is available;
see ZdIner (1997).

Given (3.11), we can draw from the IW dendity and insert the drawn vauesin h and make a
draw fromit. The p ; value so drawn isthen inserted in g and adraw from it and the drawn vaues
of s e and p ; aeinserted in f and adraw of the structura coefficientsin f ismade. Thisdirect
Monte Carlo procedure can be repeated many times to yield moments, fractiles and margind
dengtiesfor al parameters appearing in (3.11). Also, asimilar approach, described below can be
employed to compute predictive dengties. Some of these ca culations have been performed using
sectora models and data that will be reported in a future paper.

3.3 Forecasting Techniques



For one year ahead forecasts of the rates of growth of real GDP usng the aggregate moddsin
Table 1, we employed least squares forecadts that are means of Bayesian predictive densities when
diffuse priors are employed and the usud normd likelihood functions are employed. Predictive
means are optimd in terms of providing minima expected loss vis avis squared error predictive loss
functions. Further, Snce these predictive dengties are symmetric, the predictive mean is equa to the
predictive median that is optimd relaive to an absolute error predictive loss function.

One year ahead forecadts for the sectoral modelsin Table 1 were made using one year ahead
MMM(A) reduced form forecasts of the yor4+1 and y37 4+ Variabdles on the right hand side of

equation (3.1) and using the parameter estimates provided by the methods described above. That
is, the one year ahead forecast is given by:

V11417 Yor 42001+ Var 4203 * XGT 410 (312

The“eta” shrinkage technique, derived and utilized in Zdlner and Hong (1989) involves
shrinking a sector’ s forecast toward the mean of al eleven sectors forecasts by averaging a
sector’ s forecast with the mean of dl sectors forecagts asfollows: Yy =h Y3741+ (- D) V1741,
where Y14 isthe sector forecast, Y1, isthe mean of dl the sectors' forecastsand h is assigned

avdueintheclosed interval zeroto 1.

Gamma shrinkage, discussed and applied in Zdlner and Hong (1989), involves assuming that
the individua sector’s coefficient vectors are distributed about amean, say q, and then using an
average of an etimate of the sector’ s coefficient vector with an estimate of the mean q of the
parameter vectors. That is,

dn= a1 )+ o) (313)

withO< g < ¥ . Thiscoefficient etimate can be employed to produce one year ahead forecasts
using the structural equations for each sector and MMM (A) reduced form forecasts of the
endogenous variables (1-L)logwt 4 and (1-L) logYr4+1. Vaiousvauesof h and g will be

employed in forecasting sectora growth rates that are used to construct an aggregate forecast of the
growth rate of real GDP.

We can dso compute a predictive dendity for a sector’s one year ahead growth rate as follows.
From (3.5), we can form the conditional density q(y1T+1|P 1,91, b1.h1.S e, YoT +1, V3T +1» D) , that
will bein anorma form given error term normality. Thus, each draw from (3.11) and a draw from
the predictive density for (y,741,Yar+1) canbeinsertedin qand andavaueof yqr 41 drawn

from g. Repeeting the process will produce a sample of draws from q from which the complete
predictive dengty, its moments, etc. can be computed. Shown in Fig. 4 are two such predictive
densties, one for the durables sector and the other for the services sector. The densities are dightly
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skewed to the |eft and rather spread out. However, the means that are optimal relative to squared
error loss are not too far from the actuad vaues being forecasted. Also, these densities are valuable
in making probability statements about future outcomes, including turning point forecasts.

With this said about estimation and forecasting methods, we now turn to consider plots of the
data and reports of forecasting results in the next section.

4. Discussion of Data and Forecasting Results

In Figure 1a are shown plots of the rates of growth of real GDP, red M1, red currency,
real stock prices and red wage rates, 1949-1997. Peaks and troughs in the plots occur roughly
at about 4to 6 year intervals. Note the sharp declinesin rea GDP growth ratesin 1974 and
1982 and a less severe drop in 1991. The money and stock price growth rate variables tend to
lead the real GDP growth rate variable, as observed in earlier work of many. While the two
money growth rate variables show smilar patterns before the 1990s, in the 1990s their behavior
is somewhat different for some unknown (to us) reason. In our forecasting results, we find that
use of the currency variable yields somewhat better results than use of the M1 variable.

Figure 1b presents aplot of the output growth rates for 11 sectors of the U.S. economy. It
is seen that except for the agriculture and mining sectors, the sectoral output growth rates tend
to move together over the business cycle, while the agriculturd and mining sectors show
extreme variation. In contragt, the other sectors have much smdler inter-quartile ranges and
fewer outlying growth rates. See aso the boxplot for the sectora growth ratesin Fig. 1c.

In Figure 2a are shown the one year ahead, aggregate forecasts plotted as solid lines and
the actually observed rates of growth plotted as circles. In thefirst panel of Fig. 2a, labeled
AR(3), an aggregate AR(3) modd for the real GDP growth rates, see Table 1, was employed
to generate one year ahead forecasts year by year, 1980-1997, with estimates being updated
eech year. The plot shows dramatically the failure of the AR(3) mode to forecast turning points
successfully. Very large errors occurred in 1982 and 1991. Use of the AR(3)L1 model, see
Table1, that incorporates two lagged leading indicator variables, the rates of growth of redl
currency and of rea stock prices, produced the forecasts shown by the solid lines in the second
panel of Fig. 2a. There areimprovements in forecasts for 1982 and 1984 visavis use of the
AR(3) moddl. However, thereis Hill alarge error in the 1991 forecast. Use of the MMM(A)
modd, see Table 1, that incorporates two lagged level GDP varidbles and a linear time trend in
the AR(3)LI modd produced the forecasts shown in the third pand of Fig. 2a. Here there are
improvements, as compared to the use of the AR(3) modd in most years, especidly 1982,
1990 and 1991. Similar use of the MMM (A) model led to improved forecasts as compared to
those provided by the AR(3)LI, especidly in the 1990s.

In Fig. 2b are shown the disaggregated, one year ahead forecasts, plotted as solid lines and

the observed real GDP growth rate data, plotted as circles. Here, for each year, the 11
sectoral forecasts are employed to generate aforecast of the growth rate of aggregate real GDP
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using annudly updated estimates of relations. Again, even though the sectoral AR(3) forecasts
were employed, thereislittle improvement as compared with the aggregate AR(3) forecadts,
showninFg. 2a The AR(3)LI and Digtributed Lag(DL) mode s were used to generate
forecasts for each of the 11 sectors and these were employed to calculate aforecast of the
annud growth rates of red GDP with results shown in the second panel of the first column of
Fig. 2b. The forecast performance of the DL modd is seen to be better than that of the AR(3)
model and about the same asthat of the AR(3)L1 modd. With use of disaggregation and of the
MMM(DA) modds, I-1V, see Table 1 for their definitions, that include lagged level varigbles,
the forecasting results shown in Fig. 2b were obtained. The MMM (DA) models outperformed
the AR(3) modd by awide margin and the disaggregated Didtributed Lag and AR(3)LI models
by smdler margins. Also, from acomparison of Figures 2a and 2b, the MMM(DA) models
performed better than al the aggregate models.

With respect to the four MMM(DA) models, it gppears that MMM (DA)III has adight
edge on the other three MMM (DA) models. It caught the 1982 downturn and subsequent
upturn rather well and its performance in later years, particularly the 1990s is dightly better than
that of the dternative models consdered in Figures 2a-2b. However, it missed the 1991 trough
growth rate.

When the lagged rate of growth of red M1 is used as aleading indicator variable, rather
than the lagged rate of growth of rea currency, the resultsin Figs. 3a-b were obtained. The
resultsin Fig. 3aare amilar to those in Fig. 2ain that both the AR(3)LI and MMM(A) models
forecasting performance was much better than that of the AR(3) moddl. Use of the M1 varigble
rather than the currency variable led to adight deterioration of the forecasting performance of
the MMM(A). To alesser degree, the same conclusion holds for the AR(3)LI model’s
performance. In Fig. 3b, the use of the M1 variable produced results smilar to those reported
in Fig. 2b. Note however, that use of M1 and the models other than the AR(3) led to better
forecasts of the low 1991 red GDP growth rate and dightly worse forecasts of the low 1982
growth rate.

Shown in Table 2 are the RM SEs and MAES associated with various models one year
ahead forecasts of annual real GDP growth rates, 1980-1997, using data 1952-1979 to
estimate models which were then re-estimated year by year in the forecast period. Currency
was used as the money variable.  From the Aggregate Forecast part of the table, it is seen that
the MMM(A) model hasaRMSE = 1.72 and aMAE = 1.48, lower than those associated with
the AR(3) and AR(3)L1 models. For the rates of change of the red wage rate, the AR(3)
modd’s RMSE = 1.43 and MAE= 0.98 are somewhat smaller than those of the MMM(A)
and AR(3)LI modes. These results indicate that the MMM (A) model for the growth rate of the
real wage needs improvement, perhaps by inclusion of demographic and other variables.

As regards the disaggregated forecasts for the rate of growth of rea GDP, shown in the

second part of Table 2, it is seen that al the disaggregated forecasts have smadler RM SEs and
MAEs than those for the aggregate and disaggregated AR(3) model. For example, the
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disaggregated AR(3) moddl has RM SE = 2.26 and MAE= 1.65, whereas the disaggregated
AR(3)LI, Digributed Lag and MMM (DA) modds have RMSEs ranging from 1.40 to 1.98
and MAEsranging from 1.17 to 1.62. . Asregardsjust the MMM (DA) models shownin
Table 2, their associated RM SEs and MAEs ranged from 1.40to 1.92 and 1.17 to 1.62,
respectively. The lowest RMSE and MAE are encountered for the MMM(DA) 111 mode fitted
using the SUR approach, namely RMSE = 1.40 and

MAE= 1.17. However, quite afew other MMM (DA) modelshad RMSEsin the 1.4-1.5
range and MAEs in the 1.2-1.4 range.

In Table 3 results smilar to those presented in Table 2 are shown for models
incorporating alagged rate of change of real M1 rather than the red currency varigble. In
generd the use of the M1 variable resulted in a generdly small deterioration in forecasting
precison for dl the models. However, again disaggregeation led to improved forecasting
precison for the AR(3)LI and MMM modelsin dl cases. Use of the MMM (DA)III model
generdly led to dightly lower RM SEs and MAEs than other MMM (DA) models. The lowest
RMSE and MAE, namely 1.84 and 1.52, respectively are associated with the use of
MMM (DA)III and h shrinkage with avdue of h = 0.50 that can be compared to the aggregate

MMM (A) mode’s RMSE = 2.23 and MAE = 1.90 and the aggregate AR(3)LI modd’s
RMSE = 2.32 and MAE = 1.98. The RMSE and MAE for the aggregate AR(3) benchmark
model are2.32 and 1.71. Clearly use of disaggregation hasled to improved forecasting
performance again, about a 20% reduction in both RMSE and MAE.

In Tables2 and 3, useof dternative methods of estimation, OLS, Extended MELO
and 2SL. S did not have much influence on the precison of forecadts. It may bethat for the
present modd, the rates of change of redl income and of the real wage rate are sochastic
exogenous or independent variables in the sector models and thus endogeneity is not a problem.
However, these two variables must be forecast in order to forecast sectoral output growth rates
and thus there is aneed for the reduced form equations shown in Table 1 whether these
variables are stochastic exogenous or endogenous variables.

For the MMM(DA)III model, predictive dengties for the sectord output growth rates
for the Services and Durables sectors were ca culated for 1980 and are shown in Fig. 4 .
Plotted are 1,000 draws from the BMOM predictive density made using the methods described
in Section 3. The Services predictive densty has amean equd to 3.14 percentage pointsand a
standard deviation equal to 2.05 percentage points. The actua growth rate for the Services
sector’ soutput in 1980 is 3.57 percentage points. For the Durables sector, the 1980
predictive mean is 6.31 percentage points with a stlandard deviation of 8.06. The actua 1980
growth rate for this sector is 7.33. Both predictive densties gppear to be dightly skewed to the
left and rather spread out. Asiswel known, such densities can be employed in making
probability statements regarding possible outcomes, for example a downturn in the growth rate
and in implementing a decision theoretic gpproach for making optima turning point forecasts.
Also, these predictive dengties and predictive dengties for other models can be used to form
Bayes factorsfor modd comparison and/or modd combining. That these predictive densities
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can be computed rdatively easily using the “direct” Monte Carlo approach described in Section
3isfortunate.

Last in Table 4, we present some MAESs of forecast for various types of forecasts of
one year ahead growth rates of rea GDP for the U.S. compiled by Zarnowitz (1986). For
severd different periods and forecasting units, the average of their MAES associated with annua
forecagts of the growth rate of redl GNP in 1972 dollars are given in Table 4 below.

Table4
MAEsfor Annua Forecasts of Growth Rates of
Rea GNP Made by Various Forecasters*

Period MAEs Average
1953-67 1.3(e), 1.0(d) 12
1962-76 1.1(a), 1.4(d) 12
1969-76 1.2(a), 1.0(b), 1.6(d), 0.9(c) 1.2
1977-84 1.2(a), 1.0(b), 1.0(d), 1.0(c) 1.0

*Source: Zarnowitz (1986), Table 1, p. 23. The forecasts are those of (a)
Council of Economic Advisers, (b) ASA&NBER Surveys, (¢) Wharton Newdetter, U. of
Pennsylvania, (d) U. of Michigan and (e) an average of forecasts from the following sources:
Fortune Magazine, Harris Bank, IBM, NICB, Nat. Securities and Research Corp., U. of
Missouri, Prudentia Insurance Co. and U. of Cdiforniaat Los Angeles.

Many of the MAEsin Table 4 are of magnitude comparable to those associated with
the MMM (DA) annua one year ahead, reproducible forecasts for the period 1980-1997
shown in Table 2. Some forecagters use informal judgment aong with models and data to
produce forecasts. Adding “outside’ information through the use of informative prior
distributions may possibly improve the precison of MMM(DA) forecasts. See Zellner, Tobias
and Ryu (1999) for some examples of the use of judgmenta information in forecasting turning
points in output growth rates. Also, averaging forecasts from different sources may improve
forecast precison as many have pointed out. Note that the MAESs labeled (b) and (d) in Table
4 are such averages. On the other hand, on-line forecasters have problems associated with the
use of preliminary estimates of economic variables that we do not have in our forecasting
experiments using revised data throughout. The results of some on-line forecasting experiments
would be of greet vauein ng the importance of the “preliminary data’ problem.

5. Summary and Conclusons

In the present research, we found that severa disaggregated MMM forecagting
equations performed the best in our forecasting experiments. Given the theoretical gpped of the
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Marshdlian sector models, it isindeed satisfying thet they yielded forecasts of the growth rates
of aggregate real GDP, 1980-1997, that were quite a bit better than those yielded by severd
aggregate benchmark mode s and competitive with other forecasting models and techniques.
Shrinkage techniques and use of currency as the money variable in our modes led to improved
forecasts. However, the performance of various of our sector models, particularly those for the
agricultural and mining sectors has to be improved. In addition, factor market models for labor,
capital, money and bonds as well as other equations are in the process of being formulated to
complete our MMM.

Bayesan and certain non-Bayesan point forecasts performed about equally well for our
disaggregated MMM modds. However, the Bayesan gpproach provides exact finite sample
posterior dengties for parameters and predictive dengities. The latter are very useful for
forecasting turning points and making probabilistic statements about various future outcomes.
The “direct” Monte Carlo numerica procedure for computing finite sample Bayesian posterior
dengtiesfor parameters and predictive densties for Smultaneous equations models appears
convenient and useful.

We recognize that writing asingle structural equation in redtricted reduced form and
dlowing for error term effects in the equation, along with other unrestricted reduced form
equations, yieds a non-linear SUR system with an important restriction on the error term
covariance marix. Thisform for the sysem isvery useful in terms of understanding it, andlyzing
it and computing posterior and predictive densities.

While much can be said about the topic of data improvement, here we shdl just remark
that better data on (1) the numbers of firms and plants in operation within sectors, (2) sectoral
stock price and wage rate indices, (3) weather variables, and (4) quality corrected output price
datawould be very useful and may lead to improved forecasts. Futher, having monthly or
quarterly datafor individua sectors would be useful in dealing with tempora aggregation
problems. However, seasondity must be trested carefully. Mechanica seasond adjustment
procedures may not be the best dternative. Improvement of preliminary estimates of variablesis
another important issue in “on-ling’ forecasting. Prdiminary estimates of variables that are
contaminated with large errors can obvioudy lead to poor forecasts.

Lagt, with better data for sectors of a number of economies and reasonably formulated

MMMs, past work on use of Bayesian shrinkage forecasting and combining techniques can be
extended in an effort to produce improved point and turning point forecasts for many countries.
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Fig. 2a
Aggregate GDP Growth Rate Forecasts Using the Currency Variable

o = actual; solid line = forecast AR(3)
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Fig. 2b
Disaggregated GDP Growth Rate Forecasts Using the Currency Variable (Complete Shrinkage)

AR(3) 0 = actual; solid line = forecast AR(3)LI
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Fig. 3a
Aggregate GDP Growth Rate Forecasts Using the M1 Variable

o = actual; solid line = forecast AR(3)
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Fig. 3b
Disaggregated GDP Growth Rate Forecasts Using the M1 Variable (Complete Shrinkage)

AR(3) 0 = actual; solid line = forecast AR(3)LI
=]
©
<
r by ~
s ! ' °
. )
1980 1982 1984 1986 1988 1990 1992 1994 1996 1980 1982 1984 1986 1988 1990 1992 1994 1996
Distributed Lag MMM(DA) |

1980 1982 1984 1986 1988 1990 1992 1994 1996

MMM(DA) Ii

1980 1982 1984 1986 1988 1990 1992 1994 1996

MMM(DA) IV

1980 1982 1984 1986 1988 1990 1992 1994 1996

22

2 02 46 8

02 46 8

1980 1982 1984 1986 1988 1990 1992 1994 1996

MMM(DA) 1l

1980 1982 1984 1986 1988 1990 1992 1994 1996




0,20

015

0,10

0,08

oo

0,01 ooz 0,03 004 0,08

on

Fig. 4

Posterior Predictive Densities: Services 1980
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Tablel
Forecasting Equations

Reduced Form Equations:

Real USGDP:

ARQ)A): (I-L)logYi =ao+ as(1-L)logYys +ay(1-L)logY:, + as(l-L)logY.s + L

ARQ)LI(A): (I-L)logY:=ap+ay(1-L)logYes + ax(1-L)logY:, + as(1-L)logY.s + bi(1-L)IogR. + by(1-L)logm.; + U

MMM (A): (1-L)logYy = ag+ ai(1-L)logYys + a5(1-L)logY,, + as(1-L)logYes + @4Yry + @sYio + agt + by(1-L)logR,; + bo(1-L)logm ; + L
Real Wage:

AR(Q3) (A): (I-L)logW; = ao + as(1-L)logWi1 + ax(1-L)logW; , + as(1-L)logwWis + U
ARQ)LI(A): (I-L)logW; = ag + as(1-L)logWi1 + ax(1-L)logh., + as(1-L)logWs + by(1-L)IogR.; + by(1-L)logm.; + L
MMM(A): (-L)logW; = ag+ a1 (1-L)logwW,.; + ax(1-L)logW., + as(1-L)logw,. s + gWg + Wi, + gt + by (1-L)IogR 4 + by(1-L)logm.; + u,

Sectoral Forcast Equations:

AR(3)(DA): (I-L)logS = ap+ ay(1-L)logS.; + ax(1-L)logS., + as(1-L)logS.; + b
ARQLI(DA):  (IL)logs=ae+ay(I-L)logs + ax(1-L)logS., + as(1-L)logS.s + by (1-L)IogSR1 + by(1-L)logm., + bs(1-L)logh; + by(1-L)logY: + b
DistribLag(DA):(1-L)logS = ag+ a;(1-L)logS.; + by (1-L)logSR,.; + by(2-L)logm.; + bs(1-L)IogW; + by(1-L)logY, + bs(1-L)logW,.; + bg(1-L)logY,.; + W

MMM (DA)I: IL)logs=ag+a:S1 + by (1-L)logR,.1 + by(2-L)logm.; + bs(1-L)logW; + by(2-L)logY, + u
MMM (DA)II: (I-L)logS =aeg+a;S1 +a,S. + by (2-L)logSR..1 + by(1-L)logm.; + bs(1-L)logwV; + by(1-L)logY; + u,
MMM (DA)III: (I-L)logS=ap+a;S1+a,S,+asSs + by (1-L)logR,.1 + by(2-L)logm.; + bs(1-L)logW; + by(2-L)logY, + u
MMM@DAIV:  (I-L)logS =ap+a;S1 ++a,S 1 + by (1-L)logR,.1 + by(2-L)logm.; + bs(1-L)logW; + by(2-L)logY, + u
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Table2
Forecast RM SEsand MAEsfor Aggregate and Disaggregated M odels
Using Currency asthe Money Variable
(per centage points)

Aqggregate Forecasts: 1952-1979 b 1980-1997

Real Income Y, (Real GDP)
AR(3)(A) AR)LI(A) MMM(A)

RMSE 2.32 261 172
MAE 171 2.19 1.48

Real Wage Rate W,
AR(3)(A) AR)LI(A) MMM(A)

RMSE 143 171 1.49
MAE 0.98 1.10 111

Disaggregated Forecasts: 1952-1979 b 1980-1997

* Using MMM(A) reduced form equations to forecast real income and real wage rate
growth

OLS
MMM(DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | 1 v
RMSE 2.26 162 161 161 152 147 180
MAE 165 132 135 131 1.28 125 147
Extended MELO
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | 1 v
RMSE 2.26 158 162 155 155 150 1.80
MAE 165 1.23 134 126 131 126 146
2SLS
MMM(DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | 1 1w
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RMSE 2.26 1.60 1.63 159 149 148 1.78
MAE 1.65 131 1.38 129 125 124 145
Table 2 (cont.)
SUR
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I I "1
RMSE 221 1.70 1.66 168 161 140 192
MAE 152 141 1.36 139 138 117 160
Complete Shrinkage
MMM(DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I 0 "1
RMSE 211 1.73 182 176 157 159 1.70
MAE 145 1.57 1.60 146 137 1.38 143
g-Shrinkage
g=0(sameasOLS)
g=025
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I T
RMSE 221 162 161 161 149 146 174
MAE 159 1.36 1.38 134 126 125 141
g=05
MMM(DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I 0 "1
RMSE 2.18 1.62 1.63 162 149 146 171
MAE 156 1.39 1.42 136 1.27 127 1.38
g=1
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I TR
RMSE 215 164 1.66 164 149 148 1.69
MAE 152 144 1.46 138 1.29 129 139
g=2
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I 1 "1
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RMSE 213 1.66 170 167 151 150 1.68
MAE 149 1.48 151 141 1.32 1.32 1.40
Table 2 (cont.)
g=5
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I I "1
RMSE 211 1.69 175 171 153 154 1.68
MAE 147 152 156 144 134 135 141
g= 10° (same as complete shrinkage)
h-Shrinkage
h =0 (sameasOLYS)
h =0.25
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I TR
RMSE 2.26 1.66 1.62 159 1.49 144 1.77
MAE 163 1.36 140 134 125 124 148
h=05
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I I "1
RMSE 228 173 170 160 148 142 1.76
MAE 163 143 150 137 123 123 152
h =0.75
MMM(DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I v
RMSE 233 182 182 162 148 142 1.79
MAE 1.68 1.55 1.64 141 121 123 157
h=1
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I v
RMSE 2.40 1.93 1.98 165 149 144 1.83
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IMAE 176 1.67 1.79 144 1.22 125 1.62 |
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Table3
Forecast RM SEsand MAEsfor Aggregate and Disaggregated M odels
Using M1 asthe Money Variable
(per centage points)

Agoregate Forecasts: 1952-1979 b  1980-1997

Real Income Y, (Real GDP)
AR(3)(A) ARLI(A) MMM(A)

RMSE 232 2.57 2.23
MAE 171 1.98 1.90

Real Wage Rate W,
AR(3)(A) ARLI(A) MMM(A)

RMSE 143 173 1.66
MAE 0.98 1.07 1.29

Disaggregated Forecasts: 1952-1979 b  1980-1997

* Using MMM(A) reduced form equation to forecast real income and real wage rate
growth

OLS
MMM(DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I v
RMSE 2.26 2.03 2.01 204 196 1.89 217
MAE 165 177 174 178 1.76 167 1.88
Extended MELO
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I TR
RMSE 226 197 2.07 195 200 193 214
MAE 165 1.74 181 1.73 1.83 1.76 1.89
2SLS
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I T
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RMSE 2.26 2.06 2.06 199 191 1.89 212
MAE 1.65 1.78 1.76 175 1.73 169 1.85
Table 3 (cont.)
SUR
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I I "1
RMSE 221 221 207 214 201 200 230
MAE 152 187 174 187 179 175 196
Complete Shrinkage
MMM(DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I v
RMSE 211 221 2.34 205 194 193 1.89
MAE 145 1.81 2.02 1.70 155 156 1.63
g-Shrinkage
g=0(sameasOLYS)
g=025
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I I "1
RMSE 221 204 2.02 201 191 1.85 206
MAE 159 175 167 174 1.68 160 1.78
g=05
MMM(DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I v
RMSE 218 2.06 204 199 189 184 201
MAE 156 1.73 1.65 171 162 155 171
g=1
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I v
RMSE 215 2.08 2.09 1.99 1.88 184 195
MAE 152 174 171 169 1.56 152 1.66
g=2
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) I I "1
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RMSE 213 212 2.16 200 188 185 191
MAE 149 175 1.80 169 153 153 165
Table 3 (cont.)
g=5
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I v
RMSE 211 2.16 224 202 190 189 189
MAE 147 176 191 169 153 154 164
g= 10° (same as complete shrinkage)
h-Shrinkage
h =0 (sameasOLS)
h =025
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I v
RMSE 2.26 204 2.03 200 193 185 213
MAE 163 173 170 172 170 160 1.82
h=05
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I LY
RMSE 2.28 207 215 199 192 184 213
MAE 1.63 171 1.82 166 163 152 179
h =075
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I m v
RMSE 233 214 2.33 200 192 186 216
MAE 168 174 2.00 164 161 153 1.78
h=1
MMM (DA)
AR(3)(DA) AR(3)LI(DA) Distrib.Lag(DA) | I nm v
RMSE 240 223 257 203 195 189 222
MAE 1.76 1.82 2.19 170 1.65 161 186
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