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Predictive Abilities of Inflation-Forecasting Models Using Real-Time Data

ABSTRACT

The information sets used for forecasting inflation in surveys and in econometric models are
different. To correctly compare the performances of these two types of forecasts, we use
real-time data to reevaluate the out-of-sample predictions from several ARIMA models and
a structural model. We find that (1) all the forecasts under-predict the inflation rates in the
volatile 1970s and over-predict them after 1980; (2) the survey forecasts are more accurate
than those from the econometric models; (3) the ARIMA models beat the structural model;
and (4) the invalid use of revised data in forecasting models does not affect the above

conclusions very much.

JEL classification: E37.
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1. Introduction

What is the best way to forecast inflation? Which release of data should we use to
estimate the model and the forecast? The relatively large literature on forecasting inflation
generally divides forecasts into one of the following three categories: (i) forecasts from
structural macroeconomic models, (ii) forecasts from atheoretical time series models, and (iii)
forecasts from surveys.

The out-of-sample prediction performances of the econometric models [i.e., (i) and
(i))] and the survey forecasts are often compared. The results, however, are mixed. For
example, Hafer and Hein (1985) find that survey forecasts provide the most accurate
inflation forecasts when compared with a univariate time-series model and an interest rate
model. Carlson (1977) makes adjustments to survey data and finds that surveys yield more
accurate forecasts than the regression-based forecasts. Pearce (1979), however, compares
the forecast errors from a rational expectations model with those from survey data and finds
that the constructed rational expectations model always produces substantially more accurate
predictions. But Croushore (1998) argues that the surveys examined in Pearce (1979)
perform badly only because Pearce’s sample consists mostly of the data from the volatile
1970s, when forecasting was extremely difficult. Croushore (1998) shows that forecasts
from surveys are not as bad during the 1980 and 1990s as they were in the 1970s.

These comparisons between the forecasts from survey data and those from
econometric models are, however, subject to a flaw. The information sets used in making
these two types of forecasts are often different. Survey participants are making inflation
forecasts using only the information available to them at the time of the survey. But
researchers computing forecasts from econometric models in retrospect are often using the

final, revised historical data available from government statistical agencies at the time they do



their research. Obviously, the information contained in revised data is usually different from
that in real-time data, which are available to participants in inflation forecast surveys at the
time they make their forecasts. Previous forecast comparison exercises are valid only if the
data are never revised. However, macroeconomic data have often been revised frequently
and irregularly, even years after they were initially released. For details of these revisions, see
Croushore and Stark (1999).

We contribute to the inflation forecasting literature by evaluating different inflation
forecast models based on real-time data, instead of on revised data. A systematic data source
of this nature was not available until recently. The real-time data constructed by the Federal
Reserve Bank of Philadelphia enable us to overcome the informational problem.

The results show that first, all the forecasts, from either survey or econometric
models, under-predict the inflation rates in the volatile 1970s and over-predict the inflation
rates after 1980. Second, the survey forecasts are more accurate than the forecasts from the
econometric models. Third, the ARIMA models perform better than a structural model.
Finally, data revisions change the magnitudes of the forecast errors but do not affect the
above conclusions.

The remainder of the paper is organized into four sections. Section 2 describes the
data and the forecasting method. The comparisons of the forecasts are discussed in Section

3. Section 4 concludes the paper.

2. Data and forecasting methodology
Surveys that are useful to the public and readily available include #he Swurvey of
Professional Forecasters, the Livingston Survey, Blue Chip Economic Indicators, and the National

Association of Business Economists Outlook. Among them, the Survey of Professional Forecasters,



formerly known as #he ASA/NBER Economic Outlook Survey, is likely the most accurate
[Keane and Runkle (1990) and Croushore (1998)]. As the title suggests, the respondents are
mostly people who produce regular forecasts of economic variables as part of their job
responsibilities in the business world or on Wall Street. They receive a monetary reward for
producing accurate forecasts and report to the survey the same forecasts they sell on the
market. The survey asks for detailed quarterly forecasts on a wide variety of macroeconomic
variables and thus requires far more effort on the part of participants than do the other
surveys. In addition, compared to #he Survey of Professional Forecasters, the Livingston Survey only
provides forecasts over six-month periods, while #he National Association of Business Economists
Outlook only forecasts annual averages for most variables. Furthermore, the Blue Chip
Economic Indicators does not begin until 1976. Therefore, we focus on the quarterly forecasts
trom the Survey of Professional Forecasters.

Both the real-time data and the data from #he Swurvey of Professional Forecasters are
available from the Federal Reserve Bank of Philadelphia web site. The Survey of Professional
Forecasters reports both the mean and the median points of the forecasts. The inflation
forecasts are constructed by the deflator forecasts. In both data sets, the deflator variable
switched from GNP to GDP in 1992, and changed again in 1996 from GDP deflator to
chain-weighted GDP deflator. However, the GNP deflator, GDP deflator, and chain-
weighted GDP deflator behave quite similarly, and there is no apparent break in the series in
cither 1992 or 1996 [Croushore (1998)]. Therefore, we do not try to introduce any
adjustment to account for these changes in our analysis. For additional descriptive
information about the construction of the real-time data, see Croushore and Stark (1999);

tor the Survey of Professional Forecasters, see Croushore (1990).



We emphasize that comparisons of forecasts depend crucially on the timing when
the forecasts are made. Forecasts made with more information are usually more accurate.
In the real-time data set, each data point contains information that is available on the 15" day
of the middle month of the quarter. While in #be Survey of Professional Forecasters data set, the
survey is released at the end of the middle month of each quarter (or early the next month)
but the survey deadline is generally a week before the release date. Therefore, the
information available when the real-time data are collected and the information available
when the survey is conducted are very close.

We compare the forecasts from the survey to those from a single-equation structural
economic model and a batch of univariate time series (ARIMA) models. Univariate time
series models are often used as a basis for comparing alternative forecasts because the
forecasts from these models are derived solely from past inflation rates and are inexpensive.
Failure to improve on forecasts from these models poses a serious challenge to the structural
model and the survey participants. We experiment with ARIMA(p,l,g) models with fixed
orders (I = 0 or 1, p, ¢ =0, 1, 2, or 3, and p+I+¢#0) and with dynamic ARIMA models
whose orders are chosen by AIC and SBC criteria in each regression.

The availability of real-time data limits our selections of structural economic models.
We are restricted to choose a model formerly used by Hafer and Hein (1990) and Fama and
Gibbons (1984). The model (denoted as the “H&H model” in this paper) is based on
Fisher's (1930) hypothesis: with petfect foresight and a well-functioning capital market, the
one-period nominal interest rate is the equilibrium real return plus the expected rate of
inflation:

,, = Efr.,) + B(711), 1



where E,is the expectation based on the information available at time # 7, is the nominal rate
of return from 7 to #+1; 7, is the real rate of return over the same period; and z,,, is the
inflation rate over the same period. Equation (1) implies that the ex-post real rate of return
can be expressed as

L, ~7 = Bfry) + e, )
where ¢, = E(7,.,) —7,,, is the inflation forecast error. If the expected real rate behaves as a
random walk, as suggested by Hafer and Hein (1990) and Fama and Gibbons (1984), then
changes in the ex-post real interest rate can be modeled as a simple moving-average model:
(O —71) = (G —7) = a,— Oy, €)
where @is the moving-average parameter and 4, is an i.i.d. shock. Using equation (3) one can
obtain a forecast of real rate of return, E(r,,) = E(¢, —7.,) = BE|G,, —x) + a,— Oa,)] = (i, —
z) — Ba,,. Since 7,is observed at time 7, the inflation forecast is

E(7) = 4,—E(r) = i~ (4, —7) + Ga,. )
Therefore, to forecast inflation, the first difference of the ex-post real interest rate in
equation (3) is estimated as an MA(1) process. The rate on U.S. three-month Treasury bills
is used as the nominal interest rate.

The time series models and the interest rate model are estimated using the quarterly
real-time data. We estimate the models based on both the recursive and the rolling schemes.
Both schemes have been used in previous out-of-sample model evaluation exercises. Under
the recursive scheme, all past data available are used to estimate the model. Under the
rolling scheme, only a fixed number (also known as the window size) of most recent
observations are used to estimate the model. When the model parameters do not vary over

time, the recursive scheme is often preferred because it uses all the available data up to the



time of estimation and hence yields more precise estimates of the model parameters.
Therefore, it is likely to yield a more precise forecast. However, when the model parameters
are suspected to vary over time, the rolling scheme is preferred because the fixed window
size helps to avoid the influence of the eatly observations.

After the estimation, one-step-ahead forecasts are computed based on these
estimated models. Since the survey forecasts start in the fourth quarter of 1968, we also start
the model forecasts in the fourth quarter of 1968. Under both the recursive and the rolling
schemes, the first model estimation uses data from 1947:2 to 1968:3, which would have been
available to the researcher on November 15, 1968. The estimated models are then used to
generate the forecast of the inflation rate in 1968:4. The recursive and the rolling schemes
differ from the second estimation and onwards. Under the recursive scheme, the second
estimation uses the data from 1947:2 to 1968:4, i.e., all the data that would have been
available to the researcher on February 15, 1969, to estimate the models. Under the rolling
scheme, the second estimation uses the data from 1947:3 to 1968:4. Thus, under a rolling
scheme, the researchers do not use all the data available on February 15, 1969.E| The results

show that the conclusions drawn from the recursive and the rolling schemes are very similar.

"In the first quarter of 1996, the data of 1995:4 are not available because of a delay in the
release of statistical data caused by the federal government shutdown. In our analysis, we
assume the 1996:2 releases of the 1995:4 data were also known at 1996:1. As a check, we
had used the corresponding model and the data prior to 1995:3 to generate the forecast of
the inflation rate in 1995:4. This forecast and the data prior to 1995:3 are then used to
forecast the inflation rate in 1996:1 using the same model. This more involved approach
turns out to yield the same conclusion as the simpler procedure. In this paper, we report

only the results based on the former procedure.



Therefore, we only report the results from the recursive scheme in Section 3. The results
based on the rolling scheme are in an appendix and available upon request.

The inflation rate forecasts from the survey data are calculated as the difference
between the log GDP (GNP) deflator forecast of the current quarter and the realized log
GDP (GNP) deflator in the preceding quarter (the quarter before the survey date). To
calculate the forecast errors, we assume that the initial releases of inflation rates are the
“true” inflation rates. That is, for example, the 1968:4 inflation rate released in 1969:1 is
used to calculate the forecast error made on November 15, 1968. This assumption is
reasonable because the performances of most forecasters are often evaluated immediately
after the initial release. The obvious alternative assumption is to use the “final” release as
the true inflation, after which there is no more data revision. This approach is impractical
because data are known to be revised irregularly even years after the initial release and,
therefore, a stable release has not been reached for the most recent data.

To see whether the timing of the data availability affects the relative performance of
different forecasts, we also compute the forecasts based on revised data, as usually done in
the literature. In this case, for example, the revised data from 1947:2 to 1968:3 that were
available when this paper was first written (the first quarter of 2000), are used to estimate the
models and to forecast the inflation rate in 1968:4. Previous studies using revised data often
assume that the most recently available data are the “true” inflation rates and use them to
calculate the forecast errors. To compare our real-time forecasts with these studies, we also

use the data released in 2000:1 as the “true” inflation in both real-time and revised data sets



and compare their forecast errors. That is, the revised 1968:4 inflation rate available in

2000:1 1s used to calculate the forecast error for 1968:4.E|

3. Forecasting results

Table 1 reports the results from the survey, the structural model, and some selected
ARIMA models using real-time data. The selected ARIMA models include the random walk
model, the best fixed-order ARIMA models chosen by AIC and SBC in the first regression,
the fixed-order ARIMA model yielding the lowest RMSPE, and the ARIMA models with
dynamic orders chosen by AIC and SBC in each regression. First we show the mean
prediction errors (MPEs) for volatile pre-1980 period and the post-1980 period. It can be
seen that the survey forecasts under-predict the inflation rates (positive MPE) before 1980
and over-predict them (negative MPE) after 1980. This observation is consistent with
Croushore (1998), who also observed this pattern in the annual forecasts of the Livingston
Survey. This conclusion of under-prediction before 1980 and over-prediction after 1980 is
also prevalent in all time-series models. However, for the H&H model, the opposite is true.
The MPE from the H&H model is closer to zero than most of the other time-series models.
This result suggests that this model is likely to generate “unbiased” forecasts on average but

will create a great deal of variability in terms of forecast accuracy.

>We believe that most researchers who compare the out-of-sample performances of models
based on revised data would likely define the “true inflation” as the “final release” instead of
the “initial release”. This is because if the researcher is willing to go through the trouble of
digging out the initial release as the “true inflation”, he/she would likely use real-time data to

compute the forecasts as well.



Second, the RMSPEs are generally higher prior to and lower after 1980. The only
exception to this pattern is the H&H model, but its forecast errors are much bigger than the
others. Thus, it appears that it is more difficult to predict the inflation before 1980, even if
researchers were using a time series model to make predictions.

Third, for the whole sample period, the survey forecasts have the lowest RMSPEs,
and the H&H model has the highest RMSPE. This result is not too surprising because the
professional forecasts are not restricted by some pre-selected models and are more flexible
to take into account of information ignored by the econometric models. In the last two
columns of the Table, we show the relative performances of the models. The performance
is measured by the ratio of the RMSPE of the model to that of the survey and to that of the
random walk model. For example, the best time-series model [ARIMA(2,1,0)] has a 21.42%
higher RMSPE than the survey forecast (Pro_mean). The RMSPE of the H&H model is
231.55% higher than that of the survey forecast.

Finally, the random walk model not only beats the structural model, but also
performs better than other ARIMA models that are chosen by the model selection criteria
(AIC and SBC), no matter whether the criteria are used in the first regression of the fixed-
order models or are used in the dynamic models.

Will the conclusions drawn from Table 1 be different if we use the revised data, as
the previous research usually did? The answer is: not very much. Table 2 reports the results
using the revised data. It shows that first, the general under-prediction before 1980 and
over-prediction after 1980 still exist. Second, the RMSPEs are generally higher before 1980
than after 1980. Third, for the whole sample period, the survey forecasts have the lowest
RMSPEs and the H&H model has the highest RMSPE. Finally, the use of the revised data

does not affect our best choices of models using the criteria AIC, BIC or RMSPEs.



However, the relative performances of the other models to the random walk model,
which is the benchmark model we use to evaluate the other models, are slightly different
from those in Table 1. It can be seen that the last column in Table 2 is generally higher than
that in Table 1. That is, compared to other models, the random walk model looks better and
may be overvalued when the revised data are used.

Note that when the revised data are used for forecasting, the forecast errors are
computed as the most recent release of inflation rate minus the inflation forecast, i.e., the
“true inflation” is assumed to be the 2000:1 release of inflation rate. While in Table 1, the
“true inflation” is assumed to be the initial release of inflation rate. To directly compare the
forecasting performances from using the real-time data and using the revised data, in Table
3, we use the 2000:1 release of inflation rate as the “true inflation” and recalculate the
forecasting errors in Table 1, even though it is not very impressive to assume that the
performances of the forecasters are evaluated years after the initial release.

The general conclusions in Tables 1 and 2 carry over to Table 3. However,
compared to Table 2, the performances of the ARIMA models, measured by the RMSPEs
for the full sample, are generally worse when the real-time data are used than when the
revised data are used. The only exception is the fixed-order model chosen by AIC.
Therefore, when one tries to compare the survey with the time series models and mistakenly
uses the revised data for the time series models, he would probably overvalue the time series

models.

4. Conclusion
Previous studies that compare the accuracy of US inflation forecasts using regression

models are often based on the revised data that were available to the researchers at the time
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the studies were done. We use the real-time data to re-evaluate these models and compare
their performances with the survey forecasts, which, of course, are based on real-time
information. The results show that all the forecasts under-predict the inflation rates in the
volatile 1970s and over-predict the inflation rates after 1980. The survey forecasts are more
accurate than the forecasts from regression models. The performance of our only
macroeconomic model is lousy in terms of RMSPE. It is the worst among the forecasts
considered in this paper. We also investigate whether the invalid use of revised data in the
model predictions would have changed our conclusions. It turns out that the general
conclusions still hold even if one mistakenly compares the forecasts with different
information sets. However, if we want to compare the significance of the relative
performances (in terms of RMSPEs) of the forecasts, the use of the revised data can yield
misleading results.

We do not conduct any hypothesis tests about the out-of-sample predictions because
none of the existing asymptotic theory [e.g., West and McCracken (1998)] is valid when the
real-time data are used in the forecasting exercise. None of the existing asymptotic theory
for out-of-sample inference is correct because all these theories are based on the assumption
that the variables used in the forecasting models are never revised. The asymptotic theory
for prediction using real-time data will require an adjustment based on the assumed pattern

A

and properties of data revision.™ The task of deriving the asymptotic theory in this situation
is beyond the scope of the current paper. We believe that, without any statistical test, we can

still see the economic significance in forecasting exercise. Future development of asymptotic

theory for out-of-sample prediction inference should address the “data revision” issue.

’ We are very grateful to Mike McCracken and Ken West for pointing out this observation to
us.
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