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nflation in the United States has been moderate and relatively stable 
for the past several years , hove r ing at an average annua l ra te of 
around 3 percent. From the perspective of recent history, the current-
ly modest rates of inflation are a vast improvement over the high and 
occas iona l l y doub le -d ig i t i n f l a t i on ra tes of the 1970s and ea r ly 

1980s. Since 1973 the inflation rate, measured as the rate of change f rom 
the year-ago quarterly Consumer Price Index (CPI), has averaged approxi-
mately 6 percent. 

Despite the relatively benign rates of inflation currently observed, infla-
tion and the fear of inflation continue to penetrate the business world. Al-
most weekly, major movements in the stock and bond markets are attributed 
to economic data announcements that allegedly influence market perception 
of the future inflation rate. Clearly, the lower rate of inflation observed re-
cently does not greatly reduce the need or desire for inflation forecasts; the 
costs of unexpected inflat ion on individual f i rms and consumers remain 
substantial even at low levels of inflation. 

Expectat ions about inflation are embedded in planning decisions of all 
kinds. Labor unions need inflation forecasts to help refine their wage de-
mands, and f i rms planning for future expenses and expected revenues need 
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to account for expected inflation. Government budget-
making has perhaps an even greater need for accurate 
f o r e c a s t s of i n f l a t i o n , g i v e n tha t Soc i a l S e c u r i t y 
paymen t s are l inked direct ly with the inf la t ion rate 
measured by the CPT. Consider, for example , the im-
plications of the fol lowing scenario. In 1993 the ag-
g rega t e level of Socia l Secur i ty e x p e n d i t u r e s w a s 
approximately $305 billion. Suppose the government 
had budgeted Social Security expenditures for the next 
ten years to increase at 3 percent per year but, because of 
higher than expected inflation, the actual increase was 
5 percent. The cumulative difference in the amount of 
Social Security payments anticipated and the amount 
paid in these ten years would be nearly $400 billion.1 

Recent a t tempts at legislat ion to enforce a balanced 
federal budget only heighten the importance of accu-
rate inflation forecasts for planning expenditures and 
revenues. 

This article provides an overview of the effects of 
inflation and the significance of inflation forecasting, 
first considering some of the reasons that businesses 
may need to forecast inflation. The goal is to provide a 
"consumers gu ide" to forecast accuracy and evalua-
tion. The discussion describes a selection of forecast-
ing m e t h o d s , s o m e of w h i c h use b o t h s t a t i s t i c a l 
models and forecaster judgment , or "skill ." The analy-
sis examines as examples two statistical models that 
employ standard economic theory to suggest variables 
that help predict inflation and reviews the subsequent 
i n f l a t i on f o r e c a s t i n g m o d e l s . F o r e c a s t s f r o m each 
mode l are then compared in a variety of ways with 
simple univariate t ime series models that use only past 
data on inflation to forecast the future without refer-
ence to economic theory. 

The Uses of Inflation Forecasts 

The design of inflation forecasts reflects the vary-
ing needs and concerns of businesses, financial market 
par t ic ipants , g o v e r n m e n t po l i cymake r s , and o thers 
who are the end users of those predictions. Purely sta-
tistical models (namely, t ime series models ) employ 
quant i ta t ive t echn iques to extract in format ion f rom 
observations of past data in order to generate a fore-
cast wi thout the use of economic theory. E c o n o m i c 
models use economic theory to jus t i fy the choice of 
explanatory variables and help explain the behavior 
among the variables that underlie the forecast. In de-
s ign ing a fo rma l fo r eca s t i ng mode l , the fo recas t e r 
cons iders the use r ' s needs in mak ing choices about 

several issues: (1) the t ime hor izon over which the 
m o d e l mus t f o r e c a s t (one m o n t h , one quar te r , one 
year, and so forth), (2) the data frequency for the fore-
cast (for example, monthly, quarterly, or annual data), 
(3) the type of model (a t ime series model or a model 
that employs variables that hypothetically cause infla-
tion), (4) the method for evaluating forecast "accura-
cy" (for example, the root mean squared error of the 
forecas t ) , the forecas t bias (whether on average the 
forecasts over- or underpredict inflation), or the proba-
bility of predicting a turning point (say, f rom low to 
high inflation).2 

Models are specifically designed to fill the needs of 
particular forecast users. For example , a private busi-
ness like a manufactur ing f i rm requires a significantly 
different kind of inflation forecast than a pol icymaker 
or a f inancial market participant. Such businesses typi-
cally use forecas ts to help moni tor input costs, rev-
enues f rom output sales, the real ( inf lat ion-adjusted) 
level of profits, and the like. Because businesses gen-
erally employ forecasts with a medium to long-term 
t ime h o r i z o n — f r o m two to f ive or ten years o u t — 
quarterly or annual data are likely to be sat isfactory 
for their planning purposes. An additional considera-
tion is that businesses rarely view inflation as an end 
resul t of the i r dec i s ions or b e h a v i o r s so that the i r 
n e e d s m a y be adequa te ly me t by pure ly s ta t is t ical 
models.3 The primary concern of a business inflation 
forecas t will be forecas t accuracy, pe rhaps as mea -
sured by the typical evaluation criteria, but it may be a 
combinat ion of a number of them. In general, models 
for businesses use the root mean squared error criteri-
on because the criterion penalizes large errors and thus 
helps avoid big misses in their forecasts.4 

A financial institution has quite different inflation 
forecasting needs. For instance, it may want to predict 
the probable future value of its f ixed-rate loan portfo-
lio. Similarly, financial portfolio managers use infla-
tion forecasts to determine the best asset allocation for 
maximizing real asset returns, perhaps substituting out 
of assets whose real returns erode amid inflation if the 
forecast signals increasing inflation. The desired fore-
cast horizons may range f rom the short (monthly) to 
the very long term (thirty years) for these forecast con-
sumers , and mode l s designed for them are likely to 
employ most of the available data f requencies . Both 
in te rpre tab le m a c r o e c o n o m i c and pure ly s tat is t ical 
models are used. 

Inflation forecasts are also important to bond trad-
ers, who trade in markets that react quickly to new in-
fo rma t ion . For a fo recas t ing mode l to be use fu l in 
their attempts to make profits, bond traders may need 
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to k n o w only the direct ion that inf la t ion will m o v e 
(relative to market anticipations) in the next inflation 
rate announcement . For example , the news services 
survey market participants ' forecasts prior to an infla-
tion rate announcement and then publish the survey 
average as the market forecast. Traders have an inter-
est in a model that can improve on the average fore-
cast. For such a short forecasting horizon, the models 
will use month ly data. T h e fact that only a l imited 
number of macroeconomic data are published monthly 
perhaps constrains inflation prediction models that use 
other macroeconomic variables. 

Because accuracy of inflation forecasts is an impor-
tant consideration for bond trading operations, a num-
ber of forecasting techniques are likely to be used in 
models designed to meet their needs. As in models for 
private businesses, the root mean square error may be 
the key measu re of the accuracy of the bond trader 
forecast because it helps reduce the likelihood of big 
errors. Judgmen t is another key componen t of their 
forecasts because of the absence of timely data. Any 
descriptive short-term data relationships—that is, rela-
tionships that appear in the data but that may have no 
deeper economic mean ing—may help predict the next 
month ' s inflation rate, and there is no need for any in-
terpretability in the model . 

Monetary and fiscal policymaking institutions, work-
ing without the profit motive of private businesses and 
with social goals, have a different object ive in using 
inflation forecasts. One motivation for a pol icymaker 
is to attempt to minimize the social costs imposed by 
inflation. Economic models chosen for analysis of in-
f lat ion as well as for inf lat ion fo recas t ing typically 
take into account some role for policy variables in the 
inflation process. Pol icymakers typically assume that 
policy choices affect inflat ion's behavior, and a model 
of inflation that will be adequate for their purposes is 
therefore likely to provide some insight into policy's 
potential impact on inflation.5 The artificial model of 
the inHation process then becomes the basis of the in-
flation forecasting model . The time horizon for an in-
flation forecast to serve pol icymakers should be long 
enough to capture the effects of policy on the inflation 
process, typically assumed to extend as far as two to 
f ive years. 

In most cases, the final inflation forecast numbers 
for any of the entities mentioned above include adjust-
ments to model forecasts that apply the judgment of 
the forecasters, that is, changes initiated to account for 
information not contained in the economic or purely 
statistical model . Inc luding such j udgmen ta l adjus t -
m e n t s in f o r e c a s t n u m b e r s m a k e s d i s t i n g u i s h i n g 

a m o n g fo recas t ing m o d e l s a m b i g u o u s because it is 
difficult to correct for the forecaster ' s judgment versus 
the model implications.6 

.Macroeconomic Inflation 
Forecasting Models 

Of the two main types of inflation forecasting mod-
e ls—pure ly statistical models and economic (macro-
e c o n o m i c ) m o d e l s — e c o n o m i c m o d e l s h a v e s o m e 
characteristics that make them typically more desirable. 
As discussed, purely statistical models employ past in-
flation data to forecast future inflation, and there is no 
additional explanation of the forecast.7 Economic mod-
els, on the other hand, are designed to be interpretable 
so that movements in the explanatory variables explain 
the inflation forecast. Also, inflation forecasts that use 
data in addition to inflation data contain numerous cor-
relations that purely statistical models cannot.8 

This article focuses on the forecasting per formance 
of two simple economic approaches in describing the 
inflat ion process . Using s imple fo rmula t ions a l lows 
emphas iz ing the intuit ive appeal of each mode l and 
highlighting the contrast between them. While adding 
other variables to the specif icat ion may improve the 
models ' forecasting performance, doing so would hin-
der the direct inferences about the contribution of the 
intuition of the model to forecasting performance. 

Two representative macroeconomic paradigms typi-
cally underlie common empirical models of inflation and 
appear comparably successful at forecasting inflation.9 

These two s tandard mode l s incorpora te in teract ions 
among variables that are hypothesized to influence in-
flation significantly.10 This discussion emphasizes the 
main intui t ions f r o m the theoret ical mode l s as they 
translate into the model specif icat ions typically esti-
mated for forecasting inf la t ion ." Simple models of in-
flation are e x a m i n e d with a f o c u s on what the key 
e lements of each approach contr ibute to forecas t ing 
inflation. 

One popular macroeconomic model used for fore-
casting inflation is the so-called Phillips curve.1 2 The 
original Phillips curve relation observed the negative 
correlation of the rate of change in money wages in the 
United Kingdom with the country 's unemployment rate. 
Over time, this empirical association has been similarly 
applied to aggregate inflation and aggregate output. 

The concepts of "potential output" (or potential gross 
domestic product) and the "natural rate of unemploy-
men t " help describe the aggregate application of the 
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Phillips curve. The potential output measure indicates 
the hypothesized amount of output that the economy 
could generate if it produced at full capacity; it is typi-
cally referred to as the full-employment level of output. 
An alternative description employs what is called the 
natural rate of unemployment—that is, the rate of unem-
ployment that persists in periods of healthy economic 
growth , such as unemploymen t resul t ing f r o m poor 
worker- job matches that result in resignat ions or t em-
porary fr ic t ional unemploymen t and f r o m inadequate 
w o r k e r t ra in ing re la t ive to ex i s t ing j o b oppo r tun i -
ties, known as structural unemployment . The Phillips 
curve re la t ionship in an aggregate fo rmula t ion sug-
gests that an unemployment rate lower than the natu-
ral rate of u n e m p l o y m e n t or a g r o w t h rate of real 
G D P that surpasses that of potential G D P is associat-
ed with a higher inflation rate. The concepts of poten-
tial output and the natural rate of unemployment are 
nearly interchangeable in the Phillips curve inflation 
model . 

More recent formulations of the Phillips curve ap-
proach suggest that the under ly ing potential rate of 
real growth represents the highest rate at which the 
economy could grow without increasing inflation. In 
this view, output growth at this potential rate does not 
exert inflationary pressure. If the economy grows at a 
faster rate, f i rms face production capacity constraints 
that force them to hire additional labor and to work 
capital more intensively. In this process, f i rms bid up 
the price paid to production factors (namely, wages), 
and production costs increase. Firms pass the supply 
price increases through to the final goods prices con-
sumers face, causing inflationary pressures to increase. 

The basic idea behind the Phillips curve is that if de-
mand causes output to exceed the measure of potential 
output, the economy gets stretched beyond its capacity 
for noninflationary growth. The prices of then-scarce 
p roduc t ion f ac to r s are bid up , and the resu l t is in-
creased prices that lead to reduced output demand. In 
contrast, if output growth is below potential, inflation-
ary pressures are reduced, and inflation should decline. 
The d i f ference between the real e c o n o m y ' s potential 
output and actual output is referred to as the "gap" or, 
more specifically, the G D P gap. 

Empirical models that apply the Phillips curve intu-
ition typically emphasize the central role of the G D P 
gap in the inflationary process.1 3 The empirical tests in 
the research reported on here allow in the prediction 
equation only lagged values of all variables that in the 
ini t ia l spec i f i c a t i on are c o n t e m p o r a n e o u s l y de te r -
mined along with inflation. The number of inflat ion 
lags is limited to four.14 The estimated relationship is 

AP/ = a 0 + B ,(>',_, - y p M ) + 6 2 (A7 M - A y ^ ) 

The Phillips curve inflation forecasting models of-
ten e s t i m a t e s i n g l e - e q u a t i o n m o d e l s l i ke the o n e 
above, suggesting that these s imple models capture the 
key relationships in the data that determine inflation. 
But single-equation models are inherently partial equi-
librium models , which hold many other variables con-
stant by assumption, fai l ing to account explicitly for 
monetary or fiscal policies and their potential effects 
on inflation. Also, the model is essentially a demand-
based model; potential output reflects the level of out-
put that the economy can supply without inflation, and 
d e m a n d cond i t ions de t e rmine whe the r inf la t ion in-
creases or decreases. 

The second macroeconomic model presents an al-
ternative view of the inflation process. The traditional 
monetarist approach relies on the intuition that obser-
vations of past growth rate in the money supply pre-
dict the long- run in f la t ion rate . Mone ta ry in f la t ion 
models suggest the fol lowing simple relationship: 

Ap=f(MrAMl_]...Ml_,X 

where Ap t is the inflation rate for period t and AM/ is 
the money growth rate for period t. The simple rela-
tionship suggests that growth in the aggregate supply 
of nominal money determines the inflation rate. Infla-
tion is the re fo re s o m e f u n c t i o n of current and past 
money growth measures. 

Most empirical applications of the monetarist intu-
i t ion sugges t that the r e l a t i onsh ip b e t w e e n m o n e y 
g r o w t h and s u b s e q u e n t i n f l a t i on is a s ing le l inear 
equation: the past and current growth rates of money 
translate directly into subsequent inflation.1 ' ' Empirical 
est imations (and forecasts) of monetar is t forecast ing 
models depend largely on the choice of monetary ag-
gregate used to measure money growth, typically M l , 
M2, or the monetary base. The appropriate monetary 
measure (monetary aggregate) as well as the number 
of lagged observations of money growth for the infla-
tion equation (what constitutes the " long run") are not 
suggested by theory but significantly affect the fore-
cast performance of the model . 

T h e r e su l t s in Yash P. M e h r a ( 1 9 8 8 ) , D a v i d J. 
Stockton and James E. Glassman (1987), and William 
Reichenstein and J. Walter Elliot (1987) suggest that 
this simple monetarist formulat ion forecasts relatively 
poorly regardless of the choice of monetary aggregate. 
Ra ther than use such a fo rmula t ion , the present re-
search employs an inflation forecasting model inspired 
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by a simple money demand relationship presented in 
Eugene F. Fama (1982) and in a more extensive fo rm 
in Elliot and Reichenstein (1987). The model ing strat-
egy bears a direct resemblance to the standard mone-
tarist model because of the appearance of a monetary 
aggregate in the specification.1 6 However , the f rame-
work includes several other variables that help explain 
the inflation process. For this article, the demand for 
real balances (the money supply deflated by the price 
level) is 

Md/P = f ( y , i). 

The demand for real money balances increases as the 
level of real activity increases, that is, as output grows. 
Conversely, increases in the rate of interest raise the 
opportunity cost of holding money balances (assumed 
to be non-interest-bearing) instead of interest-bearing 
assets and thus lower the demand for real balances. 
This s imple relat ionship provides the underpinnings 
for another inflation forecasting model that uses a sin-
gle linear equation, the money demand inflation fore-
casting equation. 

The intuition underlying the money demand infla-
tion forecasting equation is that a rate of money sup-
ply g r o w t h that is the s a m e as the ra te of g r o w t h 
de t e rmined by interes t rate m o v e m e n t s and ou tpu t 
(money demand) will not increase inflation. When the 
mone ta ry aggrega te growth rate exceeds the rate at 
which money demand grows (determined by the inter-
est rate and output m o v e m e n t s ) , the exces s m o n e y 
growth affects the price level variable and results in 
inflation.17 The money demand model describes a sim-
ple mechanism of inflation generation but does not at-
tempt to uncover variable interactions that underlie the 
general intuitive story. 

Empirical specifications of the model vary, depend-
ing on the forecasting problem at hand. For the purpos-
es of this study, the estimated money demand model 
has four lags of the explanatory variables, meaning that 
the four most recent values of the explanatory vari-
ables are included in the estimated equation. The ini-
tial specification of the money demand inflation model 
has no lags of the dependent variable. By adding four 
lags of inflation to the right-hand side of the equation, 
the m o d e l b e c o m e s m o r e c o m p a r a b l e to bo th the 
Phillips curve model and the t ime series model speci-
fication (see below), each having in c o m m o n four lags 
of inflation as explanatory variables. 

Es t ima te s of the s ing le -equa t ion m o n e y d e m a n d 
model of inf la t ion su f fe r f r o m cr i t ic i sms s imi lar to 
those aimed at the simple Phillips curve model , name-

ly, that the model is partial equil ibrium and cannot iso-
late the underlying sources of shocks that generate in-
flation in the economy. The f ramework is exclusively 
for a money demand model and cannot separately ac-
count for aggregate supply shocks like the oil pr ice 
shocks o b s e r v e d in the 1970s. A n d even t hough a 
monetary aggregate measure is used in the model , the 
data measure does not cap ture changes in mone ta ry 
policies, of ten referred to as "shocks ." Neither can the 
simple model isolate the source of fiscal policy shocks 
that affect the movements in the explanatory variables. 
This inability of partial equilibrium models to isolate 
shocks severely limits the degree to which the models 
may be interpretable—that is, they are not structural. 
T h e s e s ing l e - equa t ion m o d e l s a s s u m e that the ex -
planatory variable values are somehow known before 
inflation is forecast . 

The macroeconomic model forecasts will be com-
pared with those of purely statistical models . Univari-
ate statistical models , needing no other variables than 
inflation in order to produce an inflation forecast , are 
easy to use. Results compared with economic model 
forecasts indicate whether ei ther of the theory-based 
forecas t ing techn iques improve s igni f icant ly on the 
statistical model forecasts, which rely on past inflation 
data only. For simplicity, a simple autoregressive mod-
el of inflation with four lags of inflation is estimated:1 8 

Ap! = a0 + l4
j=lKjApi_j + el 

Model Estimation and 
Forecast Evaluation 

All the single-equation models are est imated over 
the data sample f rom the fourth quarter of 1960 to the 
third quarter of 1994.19 Certain shor tcomings of the 
models can be detected f rom the ful l sample est ima-
tions. Specif ical ly , the m o n e y d e m a n d speci f ica t ion 
without lagged values of inflation suffers f rom auto-
correlated errors, that is, errors that are correlated with 
past errors, indicating a problem of persistent predic-
tion errors.20 Such a pattern in forecast errors suggests 
a serious problem in the forecast model design. 

S o m e forecast evaluation procedures employed in 
the e c o n o m i c s l i tera ture m a k e s t rong , ar t i f ic ial a s -
sumptions about the availability of data on variables 
other than inflation. For example , in what is described 
as dynamic, out-of-sample forecasting, single-equation 
macroeconomic forecas t ing mode l s may employ the 
actual values of the explanatory variables to generate 
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the forecasts. In forecasts of one period into the future, 
this strategy is adequate if the data on all explanatory 
variables are available before the inflation measure. In 
real t ime—that is, forecasting today what will not be 
known until the fu ture—using future values that could 
not be known at the time of the forecast is uninforma-
t ive about the m o d e l ' s f o r e c a s t accu racy . T h e un-
known values of the explanatory variables should be 
forecast as well to generate a more realistic test of a 
model ' s forecasting accuracy. 

The first forecasting exercise for the inflation mod-
els is to predict the inflation rate that will take place 
one quarter into the future. To investigate the relative 
accuracy of the models , out-of-sample forecast ing is 
used in which the model is estimated over the sample 
period up until the first forecasting period, in this case, 
the fourth quarter of 1972.21 Then, the model is fore-
cast one per iod into the fu tu re , the f i rs t quar te r of 
1973. That forecast value is stored for later compari-
son with actual data. T h e est imat ion sample is then 
updated to include the first quarter of 1973, and the 
forecast process is repeated. Af te r the model produces 

Table 1 
Forecast Evaluation One Quarter into the Future 

Mean Error 
Root Mean 

Squared Error Theil U 

Forecast Sample: 1 9 7 3 : 1 - 1 9 8 3 : 4 

Phillips Curve .426 2.263 .889 
Money Demand Plus - .147 2.135 .839 
Time Series .179 2.413 .948 
Money Demand .874 2.478 .974 

Forecast Sample: 1 9 8 4 : 1 - 1 9 9 4 : 3 

Phillips Curve .097 1.603 .938 
Money Demand Plus - .537 1.788 1.026 
Time Series - .235 1.595 .933 
Money Demand -1 .940 2.850 1.666 

Full Sample: 1973:1 -1994:3 

Phillips Curve .275 1.983 .907 
Money Demand Plus - .279 1.980 .905 
Time Series - .017 2.065 .944 
Money Demand - .473 2.670 1.220 

forecasts for all periods in the forecast sample, the se-
ries of forecast values can be compared with actual in-
f la t ion data. Because the es t imated mode l s involve 
only lagged variables as predictor variables, the fore-
casts of each model can be compared with a real-time 
forecasting problem in which inflation is forecast us-
ing only available data.22 The results of the exercise 
are in Table 1. 

The evaluation criteria compare the forecast values 
with the actual value of inflation and generate summary 
measures of forecast accuracy. As ment ioned above, 
the root mean squared error is of ten the key measure 
of forecasting accuracy. However , one can also use the 
mean error to gauge whether the forecas t ing mode l 
generally over- or underpredicts the inflation rate. De-
pending on how the forecaster perceives the cost of er-
rors, the mean absolute error may be preferred to the 
root mean squared error. The mean absolute error does 
not weigh a large e r ror as heavi ly as does the root 
mean squared error (which imposes a quadratic cost of 
error function). 

Although all evaluation statistics are listed for the 
forecasts , the discussion will focus on a measure of 
relat ive accuracy, the Theil U statistic. The Thei l U 
statistic represents the ratio of the root mean squared 
error of the given forecasting model to the root mean 
squared error of a naive "no-change in the dependent 
va r i ab le" (mean ing , " the s a m e inf la t ion rate as ob-
served last t ime") model , one that an individual naive 
about economic theory can employ as a forecas t ing 
m e c h a n i s m . As a cr i ter ion f o r a use fu l mode l , one 
would hope that an inf lat ion forecas t ing mode l can 
outperform this naive forecast. If the Theil U statistic 
is greater than one, then the naive model outperforms 
the g iven fo recas t ing model . Values of the Thei l U 
stat is t ic c lose to one sugges t that the m o d e l u n d e r 
scrutiny performs no better than a no-change forecast. 
On the other hand, values of the Theil U statistic less 
than one imply that the forecas t ing mode l forecas ts 
more accurately on average than the naive model . The 
art icle f ocuse s on the Thei l U stat ist ic as a way to 
summarize and compare root mean squared error, the 
chosen criterion to distinguish among rival models.2 3 

Table 1 shows that the Phillips curve model and the 
money demand plus inflation lags model perform sim-
ilarly over the forecast subperiod f rom the first quarter 
of 1973 to the fourth quarter of 1983 as well as over 
the ent i re forecas t sample . For the fu l l s ample , the 
Theil U statistics are similar and less than one, sug-
ges t ing i m p r o v e m e n t over the s imple " n o - c h a n g e " 
forecast and slight improvement over the simple time 
ser ies mode l . Also , the Phi l l ips curve mode l has a 
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mean error that is positive (underpredict ing inflation 
on average), whereas the mean error of the money de-
mand model is of s imi lar size but of oppos i t e sign 
(overpred ic t ing) . In contras t , the m e a n error of the 
time series model is close to zero for the full forecast 
sample. 

For the latter sample (the first quarter of 1954 to 
the third quarter of 1994), the Phillips curve model has 
a lower Theil U statistic than the money demand and a 
smaller mean error that is close to one. Over this sub-
sample, the t ime series model also appears to outper-
form the money demand model , having a lower mean 
er ror and a lower Thei l U statist ic. In contras t , the 
Theil U statistic of 1.666 for the money demand mod-
el without inflation lags suggests that the model fore-
casts significantly worse than a no-change forecast in 
the latter forecast sample.2 4 The mean error o f - 1 . 9 4 0 
indicates that the money demand model (without infla-
tion lags) is poorly specified, and it is not examined 
further. 

The next exercise for the models is to forecast four 
quarters into the future . The longer forecast horizon 
requires the use of data that in a rea l - t ime forecas t 
would be unavailable. In this procedure the model is 
est imated over the sample period, forecast four quar-
ters into the future, and those forecast numbers are ac-
cumula ted into one forecast of the average inflat ion 
rate expected to persist over the next year. The process 
is iterated as above to create a series of one-year ahead 

forecast numbers . It is important to note, however, that 
the number of nonoverlapping data points or "observa-
t ions" is much smaller (the forecast sample divided by 
four, or twenty-two yearly observations [if 1994 is in-
cluded]) than in the one-step ahead forecast exercise.2 5 

There are two sets of results for the model evalua-
tion statistics. The first set is evaluation statistics f rom 
a static forecast that assumes that the actual values of 
data in the forecasting model are known (essentially, 
ge t t ing new i n f o r m a t i o n on the ac tual e x p l a n a t o r y 
variables as the prediction extends further into the fu-
ture, but information that is unavailable for forecasting 
in a real-time setting). The second set of results allows 
partial dynamics—that is, all the models have lagged 
inflation as an explanatory variable so that the model 
forecasts of inflation are used as predictors, but all oth-
er explanatory variables employ actual data values in 
the prediction equation. A fully dynamic model gener-
ates forecast values for future observations of the ex-
planatory variables using the interrelationships among 
the data to forecast them. This approach contrasts with 
partially dynamic models that use future actual values, 
which are obviously unavailable in a real-time forecast 
exerc ise . Forecas t eva lua t ion stat is t ics are listed in 
Table 2.26 

The most noticeable feature of the data in Table 2 is 
how much smaller the forecast error statistics are for 
the static forecasts than for the partially dynamic fore-
casts. The Theil U statistics for the static forecasts are 

Table 2 
Forecast Evaluation One Year into the Future 

Mean Error Root Mean Squared Error Theil U 

Static 
Partially 
Dynamic Static 

Partially 
Dynamic Static 

Partially 
Dynamic 

Forecast Sample : 1 9 7 3 : 1 - 1 9 9 4 : 3 

Phillips Curve .277 .449 1.053 1.943 .463 .855 
Money Demand Plus - .335 - . 5 8 4 1.089 1.923 .480 .847 
Time Series - .063 - . 1 3 7 1.038 2.256 .457 .993 

Forecast Sample: 1984:1 -1994:3 

Phillips Curve .049 .080 .683 1.292 .497 .940 
Money Demand Plus - .447 - .737 .942 1.649 .685 1.199 
Time Series - .254 - .514 .676 1.472 .491 1.071 
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a lmos t half those of the par t ia l ly d y n a m i c fo recas t 
Theil U statistics, suggesting that the restriction of em-
ploying a forecast of inflation rather than future actual 
values of inflation almost doubles the variance of the 
forecast. Another point worth noting is that the mean 
errors are uniformly smaller in the static forecast exer-
cise than in the partially dynamic forecasts, indicating 
that the addition of some dynamics al lows the models 
to stray more often. 

In the partially dynamic results, both the Phil l ips 
cu rve and m o n e y d e m a n d wi th in f la t ion lags h a v e 
Theil U statistics less than one, clearly better perfor-
mance than the no-change forecast and somewhat bet-
ter than the t ime ser ies m o d e l . For the fu l l s a m p l e 
results, the mean errors of the respective models are of 
opposite signs, 0 .449 for the Phillips curve and - 0 . 5 8 4 
f o r the m o n e y d e m a n d mode l s , s imi la r to the one-
quarter-out forecasts. Charts 1 and 2 present the fore-
cast errors for the money demand and Phillips curve 
mode l s , respect ively , over the fu l l fo recas t sample . 
Positive forecast errors for both models appear largest 
around the two oil shocks (1973-74 and 1979-80), in-
d ica t ing underpred ic t ion of inf la t ion and that these 
simple demand models cannot adequately account for 
supply shocks. Although both models overpredict in-
flation during the 1975-76 recession and in the 1981-

83 recess ion , the m o n e y d e m a n d mode l appears to 
have persistent overpredict ions of inflation throughout 
the ear ly 1980s, a per iod in which many observers 
noted a dramatic shift in monetary policy. S o m e ob-
servers viewed the change in Federal Reserve policy 
(and possibly policy goals) in 1979 as af fec t ing the 
structure of the re la t ionships a m o n g the data.2 7 The 
single-equation money demand model appears unable 
to account for the change in monetary policy and the 
resulting effects on inflation. 

In the shorter forecast sample f rom 1984:1 to 1994:3, 
the money demand specification has a Theil U statistic 
of approximately 1.2, suggesting that the model fore-
casts less accurate ly than the " n o - c h a n g e " forecas t . 
Also, the mean error o f - 0 . 7 3 7 indicates that the mon-
ey demand model overpredicts inflat ion on average, 
which is undesirable if the forecast object ive is an un-
biased forecas t . Ove r this later sample , the Phil l ips 
curve model appears to forecast more accurately than 
the alternative models and the "no-change" forecast. 

As ment ioned above, there are unrealistic assump-
tions about data availability that are implicit in these 
results. The use of actual data for the future observa-
t ions of the explanatory variables in-the forecas t ing 
equation offers an unfair advantage to the macroeco-
nomic forecas t ing mode l s relative to the t ime series 

Chart 1 
Inflation Forecast Errors for Money Demand Models 

(Static, Partially Dynamic, and Dynamic Forecasts) 
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model . Given that advantage, the poor per formance of 
the money demand model in the latter sample suggests 
even weake r fo recas t resul ts when the exp lana to ry 
variables are forecast . The above results suggest that 
the relationships underlying the money demand model 
may have weakened or changed in the latter sample, 
perhaps as a result of the monetary policy shift, f inan-
cial innovation, or both.28 

.Representative Dynamic Models 
of Inflation 

T h e s i m p l e l i n e a r f o r e c a s t i n g m o d e l s of b o t h 
macroeconomic approaches fail to specify how to gen-
erate values of the right-hand-side variables when the 
model forecasts out-of-sample, that is, when there are 
no data available, as in a forecast two or three periods 
into the future. A more realistic procedure is to use an 
explicitly dynamic model to forecast inflation out-of-
sample . Unfo r tuna t e ly , the s imple mode l s have no 
suggestions about how to specify forecasting models 
for the explanatory variables in the model . Stockton 
and Glassman (1987) employed time series specifica-
tions to forecast values of the explanatory variables in 

their comparison of inflation forecasting models . For 
this article, forecasts of the Phillips curve model were 
g e n e r a t e d by s p e c i f y i n g s i m p l e e q u a t i o n s f o r the 
growth in nominal G D P and the level of real G D P and 
then impos ing identit ies to create the G D P gap {ytX 

- ypt_x) and the nomina l g rowth gap (AFf , - A_y/jM) 
var iables . 2 9 For the m o n e y demand mode l , a vector 
autoregress ion (VAR) is es t imated that includes the 
money demand plus inflation lags as one equation of 
the dynamic system. The VAR model generates infla-
tion forecasts in a dynamic setting that more closely 
mimics the real-time forecasting p r o b l e m / " 

In a vector au toregress ion , every variable on the 
right-hand side has a predict ion equat ion associa ted 
with it. Thus, by design the model performs a truly dy-
namic forecast of inf lat ion ou t -o f - sample because it 
fo recas t s all var iables in the system. 3 1 VAR mode l s 
forecas t in a pseudo-rea l t ime set t ing. Tha t is, they 
forecast values of the explanatory variables implicitly 
in a dynamic forecast of inflation. The VAR generates 
forecast values of the variables in the inflation equa-
tion, and the accuracy of the inflation forecasts relies 
on how accurate the VAR forecasts the other variables 
in the system.3 2 The forecast evaluations of the VAR 
present more realistic forecast accuracy statistics for 
the dynamic forecasts of the average inflation rate for 

Chart 2 
Inflation Forecast Errors for Phillips Curve Models 

(Static, Partially Dynamic, and Dynamic Forecasts) 
Percent 
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next year. T h e money demand model with inflat ion 
lags is essentially the equation that forecasts inflation 
f rom a vector autoregression model that contains all 
the variables in the forecasting equation (that is, inter-
est rates, output growth, monetary aggregate growth, 
and inflation). These results appear in Table 3. 

The VAR dynamic forecast fails to improve signifi-
cantly over the naive no -change forecast in the fu l l 
sample results. Also, the root mean squared error of 
the VAR is larger than the root mean squared error for 
the single-equation version that employs actual vari-
ables as explanatory variables. Thus, the increase in 
the root mean squared error measure can be attributed 
to the forecast errors f rom forecasting the explanatory 
variables. It can be seen more clearly how the forecast 
errors for inflation increase as the realism of the fore-
casts in Chart 1 is increased. Note that this chart refers 
to the money demand specification. 

Chart 1 presents the forecast errors f rom static fore-
casts (forecasts using only actual values), partially dy-
namic fo recas t s ( fo recas t s that a l low only inf la t ion 
forecas ts in forecas t ing fu r the r in the forecas t hori-
zon), and dynamic forecasts (forecasts using forecast 
values of all variables in the equation). The plots high-
light three noticeable features of the forecast error se-
r i e s . F i r s t , a l t h o u g h the s ta t i c f o r e c a s t e r r o r s a re 
clearly the smallest, the static forecast still makes siz-
able errors, noting that the model errs despite the ben-
efit of forecasting with actual future data not available 
in a real-time forecasting exercise. Secondly, the par-
tially dynamic forecast errors are substantially larger 
than the static forecast errors, suggesting that the use 
of inflation forecast values in subsequent forecasts of 

Table 3 
Dynamic Forecast Evaluation 

Root Mean 
Mean Error Squared Error Theil U 

Forecast Sample: 1 9 7 3 : 1 - 1 9 9 4 : 3 

Phillips Curve .271 2.036 
Money Demand - .492 2.220 

.896 

.978 

Forecast Sample: 1 9 8 4 : 1 - 1 9 9 4 : 3 

Phillips Curve - .233 1.347 
Money Demand - .805 1.880 

.980 
1.368 

inf la t ion c o m p o u n d s the ini t ial fo recas t e r rors and 
worsens the forecast performance. Finally, the dynam-
ic forecast errors are larger than the two others, espe-
cially when the forecast errors are large, emphasizing 
the contr ibut ion of the explanatory variable forecast 
errors to the forecast error of the inflation forecast. 

The shaded area of Chart 1 highlights the forecast er-
rors of the th ree f o r e c a s t s o v e r the s a m p l e pe r iod 
1984:1 to 1994:3. Over this sample, the forecast errors 
for the dynamic model are generally larger than the er-
rors of the other two models . Unfortunately, only the 
dynamic model forecast presents a reasonably realistic 
test of forecasting accuracy, and over this sample the 
VAR forecasts relatively poorly. This example illus-
trates one cost of additional variables in a forecasting 
equation—that is, those data series must be forecast into 
the future as well in order to forecast inflation. An ex-
planatory variable that is virtually unforecastable may 
help the statistical fit in-sample but actually hurt the 
out-of-sample forecasts.33 Over the 1984:1-1994:3 fore-
cast sample the VAR performs substantially worse than 
the n o - c h a n g e fo recas t , ove rp red ic t ing inf la t ion by 
nearly 4 percent during the 1990-91 recession. 

For the dynamic forecast of the Phillips curve model, 
the Phillips curve inflation equation is estimated as well 
as regress ion speci f ica t ions for the log level of real 
G D P and the growth rate of nominal GDP, respectively, 
in equat ions that do not d i f fe r greatly f rom a VAR. 
From these equations, identities are employed to gener-
ate the G D P gap and the nominal G D P growth gap.34 

The ful l sample forecasting results for the dynamic 
Phill ips curve model are only slightly different f rom 
the Phillips curve model with actual data for the ex-
planatory variables. Chart 2 shows how the static fore-
cast has much smaller forecast errors than either the 
dynamic or partially dynamic forecasts . However , in 
contrast to the money demand model chart, this chart 
shows that the dynamic model forecast errors are not 
much larger than the forecast errors of the partially dy-
namic forecasts . These results suggest that inf lat ion 
forecast errors that become incorporated into subse-
quent forecas ts of inf lat ion in the partially dynamic 
(and dynamic) forecasts have a large influence on in-
flation forecast errors. There are relatively small dif-
fe rences between the forecas t errors of the partially 
dynamic and dynamic forecasts , suggest ing that the 
forecas t errors f r o m predic t ions of the level of real 
G D P and the growth in nominal G D P do not greatly 
influence the accuracy of the inflation forecast. In ad-
dition, the dynamic forecast has a Theil U statistic of 
0 .896 for the full sample and of 0 .980 for the latter 
half of the sample, comparable to the Theil U statistic 
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of 0.855 and 0.940 for the partially dynamic forecast 
over those forecast samples. The shorter sample peri-
od has less variation in the inflation rate. As a result, 
the no-change forecast provides a relatively tougher 
s t andard f o r the o the r m o d e l fo recas t s to i m p r o v e 
upon. 

Chart 3 presents the dynamic forecasts of both the 
Phill ips curve and the money demand models along 
with the actual one-year rate of inflation. In the latter 
part of the s a m p l e , the Ph i l l ips cu rve mode l m o r e 
c lose ly f o l l o w s the path of in f la t ion than does the 
money demand model forecast. Neither model appears 
to forecast accurately. The two models of ten miss the 
inflation rate in opposite directions in the early 1980s, 
the Phillips curve largely underpredicting the inflation 
rate fol lowing the serious recession of 1981-83 where-
as the money demand model overpredicts inflation at 
that t ime. Later in the forecast sample, both models 
appear to err in the same direction. 

The Theil U statistics reinforce the apparently better 
forecasting of the dynamic Phillips curve model over 
the VAR; the Theil U statistics of the dynamic Phillips 
curve forecasts are clearly lower than those of the VAR 
over the respec t ive fo recas t samples . 3 5 Also , in the 
1984:1-1994:3 sample period, the mean error of the 
Phillips curve model is much less than that of the VAR, 
suggesting a less biased forecast. 

The statistical results suggest that the Phillips curve 
model may be a better forecasting model in real-time 
circumstances than the other models presented, includ-
ing the simple time series model . However, the forecast 
eva lua t ion stat is t ics for the d y n a m i c Phi l l ips cu rve 
model were the best of the models examined but were 
not much better than the no-change forecast. For ex-
amp le , the Thei l U s ta t is t ic f o r the 1984 :1 -1994 :3 
forecast subsample was close to one, suggest ing that 
the dynamic Phi l l ips curve forecas t was not a large 
improvement over the naive no-change forecast . 

The VAR includes data series on all the variables in 
the Phillips curve model except for the potential G D P 
measure . Add ing the potent ial G D P var iable to the 
VAR makes the Phillips curve specification a restrict-
ed version of the more general VAR model . Forecasts 
of the VAR that include the potential G D P measure as 
a deterministic variable not only fail to improve but in 
fact worsen the forecast evaluation statistics for both 
forecast samples. This result reflects how imposing zero 
restrictions on a model (like the VAR) may produce im-
proved forecasts. It is unclear, however, whether the re-
sulting forecas t ( f rom the Phillips curve model) will 
be any more useful . 

To evaluate fur ther the ef fec t iveness of a Phill ips 
curve inflation forecasting model, the model needs to 
be tested in real-time forecasting exercises.3 6 Thus, the 

Chart 3 
Inflation Forecast from Dynamic Models 

(Phillips Curve versus Money Demand) 

Percent 
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only true test of the model ' s forecast ing ability is to 
use it in real-t ime forecasts and evaluate the results. 
Nevertheless, the statistical results in this article sug-
gest that forecast ing inflation accurately in real-t ime 
situations with simple economic statistical forecasting 
models is no easy task. 

The results illustrate that the evaluation of forecast 
p e r f o r m a n c e can c h a n g e subs t an t i a l ly by r e l ax ing 
some of the unreal is t ic a ssumpt ions imposed in the 
fo recas t eva lua t ion p rocedu re s . T h i s r e sea rch es t i -
mates the simple models imposing the unrealistic as-
s u m p t i o n s on data avai labi l i ty , that is, t hose us ing 
ac tual va lues on the p r e d i c t o r va r i ab l e s . D y n a m i c 
specifications of the two models , each of which gener-
ates a completely dynamic out-of-sample forecast, are 
then employed. Unfortunately, using the simple mod-
els here, the closer forecast ing models move toward 
approximating the real-time forecast ing exercise, the 
less impress ive the empir ica l resul ts fo r the causal 
forecast models.3 7 

Conclusion 

This article examines the forecast per formance of 
two simple f r ameworks for mode l ing in f la t ion—the 
Phillips curve and the money demand/monetaris t mod-
e l s—in a var ie ty of se t t ings . T h e one-pe r iod (one-
quarter) ahead forecast ing accuracy of the models is 
examined first , and the resul ts genera l ly favor both 
m a c r o e c o n o m i c m o d e l s r e l a t i v e to the n a i v e " n o 
change in the inflation rate f rom the current inflation 
rate" in this forecast horizon. Next, the forecast accu-
racy of the models is examined for a forecast horizon 
of one year into the fu ture . In this case, the single-
equat ion mode l s employ " a c t u a l " va lues of the ex-
planatory variables so that the relevant compara t ive 
statistics do not indicate real-time forecasting accura-
cy. Then, these simple macroeconomic specifications 
are examined fur ther by generating forecasts fo r all the 
variables in each model for a more truly dynamic fore-

cast. The results of this more realistic exercise show 
that forecast ing accuracy of the representat ive infla-
tion forecas t ing mode l s de ter iora tes (in s o m e ways 
substantial ly) and may pe r fo rm little better than the 
simplest t ime series forecasting model . 

T h e simple economic forecasting models examined 
in this article do not forecast inflation effectively. The 
single-equation models , based on the intuition of par-
tial equil ibrium models that are inherently incomplete, 
account for observed relat ionships in the data rather 
than the under ly ing fo rces that drive inf la t ion. T h e 
fail ings of these forecasting models suggest that these 
in tu i t ions , in the i r s i m p l e f o r m , do not c o n t r i b u t e 
greatly to unders tanding of the inflat ion process nor 
are they effect ive for forecasting. 

The forecasting exercises and the evaluation statis-
tics imply that m a c r o e c o n o m i c inflat ion forecas t ing 
m o d e l s shou ld be eva lua t ed in c i r c u m s t a n c e s that 
m o r e c losely app rox ima te the rea l - t ime fo recas t ing 
problem. The key feature to emphasize, though, about 
forecast ing inflation is that forecast ing equat ions for 
all variables that are in the inflation forecasting model 
should be specified. Exercises with static and partially 
dynamic forecasts help isolate weaknesses in the infla-
tion forecasting models but should not be regarded as 
indicat ive of expec ted fo recas t ing p e r f o r m a n c e be-
cause in real-time forecasting there is not the benefit 
of knowing future values of the explanatory variables 
as assumed in these two exercises. 

The problem of accurately forecasting inflation re-
mains t roublesome, especially in light of the concern 
among pol icymakers and in f inancial markets about 
future inflation. Dynamic systems of equations appear 
to be a more realistic model ing f ramework for these 
inquiries. Fruitful research may focus on est imating 
dynamic models that are by design more structural and 
may help uncover the sources of inflation. In terms of 
optimal inflation forecasting models , research geared 
toward dynamic specifications of either a structural or 
nonstructural (but restricted) nature will be most use-
ful for real-time applications. 

1. In fact, the Social Security example ignores the growth rate 
of wages, which determines the growth rate of Social Secu-
rity revenues. The example abstracts from other variables 

relevant for p lanning Social Securi ty payments like the 
number of new retirees, emergency survivorship benefits, 
mortality rate of recipients, and so forth. The net impact of 
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the inflation forecas t error could be higher or lower but 
would not affect the point of the example. 

2. Turning point analysis tends to concentrate on real (inflation-
adjusted) output and business cycles, like predicting the next 
recession, but some research has aimed similar analysis to-
ward inflation. See Roth (1991) and Klein (1986). 

3. Modeling using variables that allegedly cause inflation en-
ables the forecaster to interpret the forecast results as being 
due to movements in a particular variable associated with a 
set of economic actors (for example, firms, households, and 
so forth) included in the model. The interpretability of that 
model may be valued by the forecast consumer, as opposed 
to forecasts that seem to result from a statistical "black box." 

4. The measure squares the forecast errors, thus increasing the 
weight of large errors, then sums the squared errors, and 
then takes the square root of the sum. 

5. Models truly designed for policymaking need more com-
plete structure than the simple forecasting models presented 
below. Policymakers would like a fully specified structural 
model of the economy to generate forecasts of inflation and 
other variables. This model would attempt to mimic the 
workings of the actual economy in a small-scale, but inter-
nally consistent, model that incorporates government policy 
actions into the inflation process. The forecasting models 
below incorporate only a portion of a theory in the design 
of the model and thus offer an incomplete view of the ef-
fects of policy on inflation (see Leeper 1993). 

6. McNees (1994) provides analysis of the accuracy of official 
public sector forecasts (Congressional Budget Office and the 
Council of Economic Advisors) as well as private business 
forecasts (Blue Chip Consensus Forecasts). He finds the ac-
curacy of both public and private forecasts of CPI-measured 
inflation over the past decade to be virtually identical. 

7. This statement refers to univariate statistical models. 
8. Forecast accuracy criteria may still suggest use of a statisti-

cal model; forecast interpretability may be at the cost of less 
accuracy. An adequate forecasting model need not be unbi-
ased (that is, have on average a zero mean forecast error). 
The chosen model may, for example, have a mean error that 
implies overpredicting inflation on average to reduce the 
l ikelihood of realizing higher than anticipated inflat ion. 
Thus, the measure of forecast accuracy can be designed to 
fit the criterion most useful to the forecast user. 

9. Several existing studies examine more extensively the typi-
cal macroeconomic models of inflation forecasting. See, for 
example, Stockton and Struckmeyer (1989), Stockton and 
Glassman (1987), Mehra (1988), and Rcichenstein and El-
liot (1987). 

10. Three recent articles in the inflation forecasting literature 
(Mehra 1988, Stockton and Glassman 1987, and Reichen-
stein and Elliot 1987) provide useful comparisons of the 
forecasting effectiveness of a selection of macroeconomic 
inflat ion models for a forecas t horizon of two years or 
more. The text describes a selective subset of the models 
presented in these papers. 

11. The estimations below avoid ad hoc empirical additions that 
may improve the in-sample fit and forecasting statistics for a 
model but that are not directly related to that model. The re-

sults attempt to distinguish between the contribution of "the-
oretical intuitions" versus other empirical techniques to fore-
cast inflation rather than to determine a "best" model. 

12. Frequently, this approach is associated with a Keynesian 
view of how inflation is generated. Complete derivations of 
the typical Phillips curve models appear in Glassman and 
Stockton (1983) and more briefly in Stockton and Glass-
man (1987) and in Mehra (1988). 

13. The following econometric specification is a standard way 
to formalize the intuition implicit in the "expectations" aug-
mented Phillips curve relationship (accounting for changes 
in the expected rate of inflation by agents ' observations of 
past inflation rates as seen in the last term): 

AP, = <<> + ~ V , ) + - Ayp) + l"j=[c2+jApH + vr 

where F is the natural log of nominal GDP, ypt is the natural 
log of potential real GDP, yt is the natural log of real (ob-
served) GDP, pt is the natural log of the price level, vf is the 
error term, A represents the difference operator, and n is the 
number of lagged values of Ap/ .. 

The formulation is a slight variation on the simple G D P 
gap model. Algebraic manipulation allows the substitution 
of nominal G D P into the G D P gap formulation. See Mehra 
(1988). Mehra uses a lagged value of the real G D P gap and 
the contemporaneous value of the difference between the 
nominal G D P growth rate and the rate of growth of poten-
tial GDP; Stockton and Glassman (1987) use a lagged value 
of the latter and the contemporaneous value of the former. 

14. The limited number of lags of inflation in the estimate is cho-
sen to maximize the degrees of freedom and allow forecast 
comparisons over the period including 1973 so that both oil 
shocks are in the out-of-sample forecast period. Results of 
models with more inflation lags could be noticeably different. 

15. As suggested above, it would be reasonable to add other 
variables to the specification, but the basic premise of this 
article is to examine the contribution to forecasting accura-
cy of the basic intuition of the respective models. 

16. The results in this article employ only the monetary base as 
the monetary aggregate; another monetary aggregate would 
likely produce different results. Similarly, the Phillips curve 
model employs a potential G D P measure produced by Data 
Resources, Inc.; another measure of potential G D P would 
likely produce different results. 

17. The inflation forecasting model that results from manipula-
tion of this functional relationship is 

AP< = So + +1 »Jmlg2iAyH + I7=lg3 AiH + ur 

where p : is the natural log of the price level, M t is the natu-
ral log of the nominal money stock, yt is the natural log of 
aggregate output, it is the nominal interest rate, A is the dif-
ference operator, and m is the number of lagged values of 
the variable. 

18. An A R I M A O , 1,2) model for inflation forecasting is also 
estimated; the results for that model were sufficiently simi-
lar to the simple time series model that they have been ex-
cluded in the interest of simplicity. 
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19. Estimates of the equations over the full sample are available 
from the author. 

20. The values of both the Box-Ljung Q statistic (247.8) and 
the Durbin-Watson statistic (0.74) indicate autocorrelatcd 
errors in the estimated equation. The values of these statis-
tics indicate that the model is poorly specified. 

21. The forecast starts from the fourth quarter of 1972 in order 
to include data observed in the two oil shocks within the 
forecasting sample period. Models are also estimated over a 
longer estimation sample (fourth quarter of 1960 to fourth 
quarter of 1983), and thus a shortened forecast sample, 
starting in the first quarter of 1984. 

22. This comparison, however, is only an approximation because 
the data used in this study are revised, and real-time forecast-
ing involves forecasting the unrevised values of the data. 

23. The article evaluates the forecasting performance of the se-
lected models but is more an exposition on the methods of 
forecast evaluation than a rigorous search for the optimal 
inflation forecasting model. Financial models of the term 
structure have recently been used for inflation forecasting 
and have been applied to actual data with some success. 
See Fama (1990) for a clear example. The contributions of 
these models to inflation forecasting are surveyed in Abken 
(1993). 

24. The forecast statistics could differ noticeably if the esti-
mates were performed over different forecast periods or 
subsamples. 

25. The inflation forecasting studies cited above typically use 
either eight- or ten-quarter ahead forecasts, leaving relative-
ly few nonoverlapping observations. The longer forecasting 
horizon may be warranted, though, in specific applications. 

26. Stockton and Glassman (1987) produce forecast evaluations 
using forecasts of the explanatory variables as well as the 
actual future values of the explanatory variables. Forecasts 
using actual data on the explanatory variables had notice-
ably better forecast evaluation statistics. Such an exercise 
highlights the influence on the forecast errors f rom fore-
casts of the explanatory variables on the accuracy of the in-
flation forecasts. 

27. It has been argued that Federal Reserve policy became less 
tolerant of inflation after 1979. 

28. Further inquiry into this issue will be the subject of future 
research. 

29. Recall that the measure of potential GDP is a number that is 
an available estimate, already forecast a number of periods 
into the future at the time of the forecast. 

30. The specification of the VAR is motivated by the money 
demand theory described above. .Clearly, it would be possi-
ble to specify a VAR inspired by a Phillips curve perspec-
tive. As used here, VAR refers to the money demand 
specification. 

31. Webb (1984, 1985) has examined extensively the accuracy 
of VAR inflation forecasting models. For perhaps a more op-
timistic appraisal of the accuracy of the technique, see Webb 
(1994). 

32. The model illustration below makes this fact more clear: 

Ap, = g010 + A M , + lm
l=lgnAy,-i + 

+ M + UW 

AM, = g020 + Zy= 1g2yAM, + lm
j=1g22iAyH + 

+ lm
j=lg24M + "2r 

Ay, = ¿>030 + 83ijM*H + X m
j = x g n £ y H + 1%,^33,-Ag 

A/, = l?040 + lm
J=lg4llAMH + X";=1g42,.Ay,_. + l^g43lAiH 

+ Z"j=ig44,Ap, + u4r, 

where pt is the natural log of the price level, M, is the nat-
ural log of the nominal money stock, y, is the natural log 
of aggregate output, /, is the nominal interest rate, A is the 
difference operator, m is the number of lagged values of 
the variable, and uu is the error term associated with equa-
tion /'. 

33. In this application, including the relative price of oil as an 
explanatory variable increases the root mean squared error 
of the inflation forecast. 

34. The regression estimates for this model are available upon 
request from the author. 

= «0 + fi.O'M - V , ) + - A V l ) 

+ I % , 6 2 A p H + v r 

AY, = g0 + + l4
j=ig2M-j + ^ 

y,=y0 + + y _ + l ' „ 73 / a ph + e,, 

where Yt is the natural log of nominal GDP, 7" is a time 
trend, yt is the natural log of real (observed) GDP, /?, is the 
natural log of the price level, v,, e,, and are the error 
terms, A represents the difference operator, and n is the 
number of lagged values of A/?,_,.. 

35. The Theil U statistic for the dynamic Phillips curve fore-
casts is 0.896 for the full sample and 0.978 for the shorter 
sample. In contrast , the Theil U statistics for the VAR 
(money demand) were 0.980 and 1.368. 

36. The potential GDP measure in this model is an exogenous 
variable, but it is also known that the data series is estimat-
ed ex post. As a result, the series may be revised, and through 
the revision process past data observations of the measure 
may reflect information not really available at the time peri-
od of the observations. The historical data values may re-
flect important economic information that was not really 
available, thereby giving some potential advantage to the 
Phillips curve model. This problem is somewhat analogous 
to that dealt with in research on the Index of Leading Indi-
cators by Diebold and Rudcbusch (1991). 

37. The forecasting exercise ignores the additional real-time 
complication of employing unrevised data for economic ag-
gregates like GDP. 
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