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AN EVALUATION OF INFLATION FORECASTSFROM SURVEYS
USING REAL-TIME DATA

ABSTRACT

This paper carries out the task of evaluating inflation forecasts from the
Livingston survey and Survey of Professional Forecasters, using the Real- Time Data Set
for Macroeconomists as a source of real-time data. We examine the magnitude and
patterns of revisions to the inflation rate based on the output price index and describe
what data to use as “actuas’ in evaluating forecasts. We then run tests on the forecasts
from the surveys to see how good they are, using a variety of actuals. We find that much
of the empirical work from 20 years ago was a misleading guide to the quality of
forecasts because of unique events during the earlier sample period. Repeating that
empirical work over alonger sample period shows no bias or other problems in the
forecasts. The use of real-time data also matters for some key tests on some variables. If
aforecaster had used the empirical results from the late 1970s and early 1980s to adjust

survey forecasts of inflation, forecast errors would have increased substantially.



AN EVALUATION OF INLATION FORECASTS FROM SURVEYS
USING REAL-TIME DATA

An earlier paper, Croushore (2005) examined forecasts of consumer price
inflation to test whether such forecasts from surveys (Michigan, Livingston, and Survey
of Professional Forecasters) were biased and inefficient, as researchers found in the early
1980s. That paper ran the same types of tests that were performed 20 years ago on an
updated sample, and found that the forecasts were neither biased nor inefficient.

Arguably, consumer price inflation is not the best measure of inflation because of
index construction problems. Better measures of trend inflation come from other
variables, such as the GDP deflator. But forecasts of the inflation rate in the GDP
deflator are more difficult to evaluate because the past data are revised.

As part of the research program into rational expectations in the early 1980s,
economists tested the inflation forecasts based on the GDP deflator from surveys and
found a disturbing result: the forecasts exhibited bias and inefficiency. If
macroeconomic forecasters had rational expectations, the forecast errors should have had
much better properties; instead, the forecasters appeared to make systematic errors.
Researchers concluded that perhaps macroeconomic forecasters were irrational or
perhaps the surveys were poor measures of inflation expectations. The maor
consequence was that forecast surveys developed a poor reputation and many researchers
ignored them as a source of data on peopl€’s expectations.*

But perhaps the researchers in the early 1980s were hasty in their denunciation of

the surveys. If the researchers were correct, then it should have been a simple task to use



their empirical results and provide new and improved forecasts that were better than
those sold in the market. The question is, were their results special to the data sample of
the time? Also, were their results possibly an artifact of the data they were using? After
all, the GDP deflator is revised substantially. And the sample period in which most of the
earlier tests were performed was a time with numerous shocks to relative prices, which
were only slowly reflected in the GDP weights. As aresult, areal-time analysis of the

data is paramount.

THE DATA

In examining data on inflation and forecasts of inflation, we must account for the
noise in high frequency measures of the data. Analysts typically do not care about
monthly or quarterly movements of inflation, but often analyze it over longer periods,
such as one year. Because forecasts are often taken at such a frequency, the focus of this

paper is on inflation and inflation forecasts measured over (roughly) a one-year time

2

span.
The real-time data set that we use to evaluate the forecasts is based on the work of

Croushore and Stark.® The Real Time Data Set for Macroeconomists collects snapshots

1See Maddala (1991) and Thomas (1999) for literature reviews.

2 Bryan and Cecchetti (1994) provide a cogent description of the noise in inflation data.
% Croushore and Stark (2001) describe the structure of the Real- Time Data Set for
Macroeconomists and evaluate data revisions to some variables. Stark and Croushore
(2002) show how data revisions affect forecasts, while Croushore and Stark (2003)

illustrate how data revisions have influenced major macroeconomic research studies.



of numerous macroeconomic time series data once each quarter since November 1965.
Data within any vintage of the data set can be used to show precisely what data were
available to aforecaster at any given date. The GDP deflator is one of the variables
included within the data set. The timing of the vintages is as of the middle day of the
middle month of each quarter.

The only two surveys that span the period from the 1970s to today with forecasts
for the GDP deflator are the Livingston Survey and the Survey of Professional
Forecasters. The Livingston Survey, which began in the 1940s, collects its forecasts from
awidearray of economists, not all of whom have forecasting as their main job.* The
Survey of Professional Forecasters (SPF), which was known as the ASA-NBER Survey
from 1968 to 1990 before it was taken over by the Federal Reserve Bank of Philadelphia,
collect its forecasts from economists for whom forecasting is a major part of their jobs.

The Livingston survey collects economists’ forecasts of real output and nominal
output (GNP until 1991, GDP since 1992). From these forecasts, we can calculate the
implicit forecasts of inflation in the GNP or GDP deflator. Survey forms are sent out
about mid-May and mid-November each year and are due back in early June and
December. Because the first-quarter values of real output and nominal output are revised
in late May each year, we assume that the forecasters knew that revised number before
making their forecast, so we include those data in our real-time data set. Similarly, we
assume the forecasters know the value for the third quarter that is released in late

November before making their forecasts. This assumption means that the timing of the

4 See Croushore (1997) for details on the Livingston Survey. The survey’s data are all
availableon-line at: http://www.phil.frb.org/econ/liv/index.html.



datais dightly different than the Real- Time Data Set for Macroeconomists, so we
collected al the late May and late November values to ensure that we include in our
information set all the data available to the survey participants. Because the survey calls
for forecasts through the second quarter of the following year (for surveys due in June)
and the fourth quarter of the following year (for surveys due in December), the
forecasters are really making five-quarter-ahead forecasts. Although the survey itself
began in 1946 and forecasts for nominal output were part of the survey since it began
forecasts for the level of real output were not begun until June 1971, so we begin our
sample with that survey. Our sample ends with the surveys made in June 2004, because
that is the last survey whose one- year-ahead forecasts we can evaluate. To avoid
idiosyncratic movements in the forecasts, we examine the median forecast across the
forecasters.

The Survey of Professional Forecasters collected forecasts of the GNP deflator
from 1968 to 1991, the GDP deflator from 1992 to 1995, and the GDP price index since
1996.° The GNP deflator, GDP deflator, and GDP price index behave quite similarly,
and there is no apparent break in the inflation seriesin either 1992 or 1996. From these
forecasts, we can calculate the implicit forecasts of inflation. Survey forms are sent out
four times a year after the advance release of the national income and product accounts in
late January, April, July, and October and are due back before the data are revised in
February, May, August, and November. Asaresult, the survey forecasts match up

exactly with the Real- Time Data Set for Macroeconomists. The survey calls for forecasts




for each quarter for the current and following four quarters, so we can construct an exact
four-quarter ahead forecast. The timing can be seen in the following example: in late
January 2005, the national income account data are released and the forecasters know the
values of the GDP price index from 1947:Q1 to 2004:Q4. They forecast levels of the
GDP price index for 2005:Q1, 2005:Q2, 2005:Q3, 2005:Q4, and 2006:Q1. We examine
their one-year-ahead forecasts based on their forecast for 2006:Q1 relative to their
forecast for 2005:Q1. Thus, the forecasts span a one-year (four-quarter) period, though it
may be relevant to note that the end of their forecast horizon (2006:Q1) is five quarters
after the last date for which they observe aredlization (2004:Q4). Although the survey
itself began in 1968, the early forecasts for the GNP deflator were rounded to the nearest
whole number, which causes the forecasts to be quite erratic in the early years of the
survey. Because of this, and to analyze the Livingston Survey and SPF forecasts on the
same sample period, we look at the SPF forecasts made between 1971:Q1 and 2004:Q2.
Our sample ends with the surveys made in 2004:Q2, because that is the last survey whose
one-year-ahead forecasts we can evaluate. As with the Livingston Survey, to avoid
idiosyncratic movements in the forecasts, we examine the median forecast across the
forecasters.

Let usbegin our data analysis by looking at plots of the forecasts over time and
some measures of the actual values of the inflation rate. For the Livingston Survey, we
plot forecasts and actuals based on |atest-available data (as of August 2005) in Figure 1

from 1971:H1 to 2004:H2. The dates on the horizontal axis represent the dates at which

®> See Croushore (1993) for more on the SPF. The survey forecasts can be found ortline
a http://lwww.phil.frb.org/econ/spf/index.html.



aforecast was made. The corresponding “forecast” point is the forecast for the 5-quarter
period from the first quarter of the current year to the second quarter of the following
year for June surveys, and from the third quarter of the current year to the fourth quarter
of the following year for December surveys. For example, the data points shown in the
upper pand for 2004:H1 are: (1) the forecast from the June 2004 Livingstonsurvey for
the inflation rate in the GDP price index from 2004:Q1 to 2005:Q2; and (2) the actual
inflation rate in the GDP price index based on latest available data (dated August 2005)
from 2004:Q1 to 2005:Q2. In our date notation, “H” means “half year”, so, for example,
the survey from 2004:H1 means the survey made in the first half of year 2004, which is
released in June 2004. In the lower panel of Figure 1, the forecast error is shown
(defined as the actual value minus the forecast).

Figure 2 shows asimilar plot for the Survey of Professional Forecasters. For the
SPF, we plot forecasts and actuals based on latest-available data (as of August 2005) in
Figure 2 from 1971:Q1 to 2004:Q2. Asin Figure 1, the dates on the horizonta axis
represent the dates at which aforecast was made. The corresponding “forecast” point is
the forecast for the 4-quarter period from the date shown on the horizontal axis; for
example, the data points shown in the upper panel for 2004:Q2 are: (1) the forecast from
the May 2004 SPF for the inflation rate in the GDP price index from 2004:Q2 to
2005:Q2; and (2) the actual inflation rate in the GDP price index based on latest available
data (dated August 2005) from 2004:Q2 to 2005:Q2. In our date notation, “Q” means
“guarter”, so, for example, the survey from 2004:Q2 means the survey made in the
second quarter of year 2004, which is released in May 2004. In the lower panel of Figure

2, the forecast error is shown (defined as the actual value minus the forecast).



Figure 1
Inflation Forecast from Livingston Survey
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Figure 1: Inflation Forecast from Livingston Survey

These charts show, in the top panel, the inflation forecast from the Livingston Survey
from 1971:H1 to 2004:H1, compared with actual values based on latest available data;

and in the bottom panel, the resulting forecast error.
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Figure 2
Inflation Forecast from SPF
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Figure 2. Inflation Forecast from SPF

These charts show, in the top panel, the inflation forecast from the SPF from 1971.Q1 to
2004:Q2, compared with actual values based on latest available data; and in the bottom
panel, the resulting forecast error.



The figures for both the Livingston survey and the SPF have four featuresin
common: (1) inflation rose much higher than the forecasters thought it would after the
oil price shocks of the 1970s (more so in the Livingston survey than in the SPF); (2) the
forecasters were slow to reduce expected inflation in the early 1980s and their forecast
errors were negative for atime (more so in the SPF than in the Livingston survey); (3)
forecast errors were fairly close to zero from the mid-1980s to about 2000 (though the
SPF forecasts were persistently too high by a small amount in the 1990s); and (4) the
upswing in inflation in the past few years caught forecasters by surprise.

Given these features of the data, we would like to know if the forecasts are
unbiased, and whether it would have been possible for an observer to make better

forecasts just by observing past forecast errors.

REAL-TIME DATA ISSUES

Before we examine the quality of the forecasts, we must tackle the difficult issue
of whet to use as actuals for calculating forecast errors. In the discussion above, we
based our analysis solely on the latest-available data (as of August 2005), which is what
istypically done in the forecasting literature. But forecasters are quite unlikely to have
anticipated the extent of data revisions to the price index that would not occur for many
years in the future. More likely, they made their forecasts anticipating the same methods
of data construction being used contemporaneously by the government statistical
agencies.

How big are the revisions to the data on the price index for output? In the real-

time data set we can consider a variety of actuals, including the value recorded one-year



after the initial release, the value recorded three years after the initial release, the last
value recorded before a new benchmark revision occurs (a concept that maintains a
consistent method by which the government calculates growth rates, including the same
base year), and the value recorded in the latest available data (as of August 2005). How
different are these alternative concepts of actuals? And how large are the consequent
data revisions?

Figure 3 shows all four concepts for actuals that we use in this paper for the four-
guarter inflation rate. For each date shown on the horizontal axis, the actual valueis
defined as the inflation rate from four quarters ago to that date. In the figure, it is hard to
see big differences across the vintages, but the differences are as large as 1.4 percent,
which could lead to somewhat different forecast errors. Also, there are periods with
persistent differences between the actuals, asin 1971 to 1973, 1979 to 1980, 1989 to
1991, and 1994 to 1998.

Revisions from initial release to each of the actuals also varies substantially, as
the four panels of Figure 4 show. The four panels all have the same scale, so you can
observe the relative size of the revisions to the data, and plots both quarterly data (so you
can observe when shocks to the one-quarter inflation rate occur) and four-quarter data
(our central object of interest). The revisions based on one-year later data in panel a and
the pre-benchmark revisions in panel c are fairly similar in size, although the largest
revisions are quite different in magnitude. But the three-year revisonsin panel b and the
revisions from initid to latest available in panel d and much larger and more volatile. A
number of revisions in the four-quarter inflation rate exceed one percent. Histograms

describing the distribution of the revisions (Figure 5, panels a, b, ¢, and d) show the range
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of revisions and their relative size and probability. With such large revisions, tests of
forecasts might well be affected, depending on what actuals are chosen to use in the
evaluation.

Because the scaling in Figures 3 and 4 have a wide range to accommodate all the
data, it is hard to discern how a particular number was revised. But for any observation
date, it is possible to track the inflation rate as it is successively revised across all the
vintages sinceitsinitial release. Thisis donein Figure 6 for the inflation rate between
1973:Q1 and 1974:Q1. The inflation rate for this period was initially released as 8.4% in
the vintage of May 1974, revised to 9.1% in August 1974, then back down to 8.3% in
February 1976. It bounces around a bit before being revised down to 7.5% in February
1981. By February 1986 it is revised back up to 8.2%, bounces around a bit more over
time, then is cut to 7.2% (its historical low point) in the data vintage of February 1996,
which is the first vintage with chain weighting. Minor redefinitions since then cause the
number to fluctuate slightly, and in the latest available data set (August 2005) it is 7.6%.
With so many fluctuations in the inflation rate, it is clear that the result of any statistical
method that evaluates a forecast made in 1973:Q1 for the coming year is going to depend
significantly on what is chosen to serve as the actual value of the variable.

Even in the longer run, revisions to the inflation rate are significant. To see this,
consider the average inflation rate over five-year intervals, measured at different vintage
dates. In Table 1, we consider vintage dates for every pre-benchmark vintage and show
the five-year average inflation rate. Across vintages, the five-year average inflation rate
changes by as much as 0.5 percentage points. Thus the value of the inflation rate for

substantial periods of time is not precisely measured.
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Figure 3
Alternative Actuals for the Inflation Rate
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Figure5: Histograms Showing the Distribution of Data Revisions
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Figure 6

Inflation Rate from 1973Q1 to 1974Q1
(as viewed from the perspective of 126 different vintages)
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Vintage Y ear:
Period

49Q4 to 54Q4
5404 to 590Q4
5904 to 64Q4
6404 to 69Q4
69Q4 to 74Q4
74Q4 to 79Q4
790Q4 to 84Q4
84Q4 to 89Q4
8904 to 94Q4
9404 to 99Q4
9904 to 04Q4

‘75

2.6
2.6
14
3.6
6.3
NA
NA
NA
NA
NA
NA

‘80

2.7
2.6
1.5
39
6.5
7.1
NA
NA
NA
NA
NA

Aver age Inflation Rate of Over Five Years

Tablel

For Pre-Benchmark Vintages

‘85

2.7
2.6
1.5
39
6.2
7.0
6.1
NA
NA
NA
NA

Annualized percentage points

‘01

25
29
1.6
4.1
6.8
7.5
6.1
3.3
NA
NA
NA

‘95

24
29
1.6
4.1
6.5
7.7
6.4
3.6
29
NA
NA

'99

2.6
24
1.3
3.7
6.3
7.2
6.2
34
31
NA
NA

'03

25
2.5
1.3
3.7
6.3
7.1
6.0
31
2.8
1.7
NA

‘05

2.6
2.5
1.3
3.7
6.3
7.1
6.0
3.0
2.7
1.6
2.3

This table shows the inflation rates over the five year periods shown in the first column for each pre-benchmark vintage shown in the

column header.
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ARE THE FORECASTSBIASED?

In the literature on testing forecasts for accuracy, a key test is one to see if the forecasts
are biased. A forecast is biased if forecasts differ systematically from their realized values. We
examine bias in forecasts by regressing the actuals on the forecasts and testing the null
hypothesis that the constant term equals zero and the slope coefficient equals one. If the null
hypothesis is rejected, then the forecasts are biased. We will examine regressions of this type,
using our four alternative definitions of actuals to seeif the test results are sensitive to the choice
of actuals.

A glance at the early years shown in Figures 1 and 2 suggests that the forecasts are
biased. Because many of the studies of biasedness in the survey data were undertaken in the
early 1980s, during the period in which the theory of rational expectations was being tested
empiricaly, it is clear why the tests suggested that they survey forecasts were not rational.
Scatter plots of the data from both surveys allow us to eyeball the bias in the surveys, as shown
inFigure 7. Inthe period from 1971 to 1981, there is a clear tendency in both surveys for the
forecasts to be too low (points to the left of the 45-degree line) relative to actuals. After that,
however, from 1982 to 2004 the forecasts are much better in both surveys, with a dlight tendency

in the SPF for the forecasts of inflation to be too high.
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To examine the bias more formally, we run the bias test, based on the regression:
p.=a+bp/ +g, (1)
where p is the actual inflation rate and p,' isthe forecast at each datet. If the forecasts are not

biased, we should estimate & =0and b = 1, asfirst suggested by Theil (1966). Webb (1987),

however, has challenged this view of bias, arguing that even if we rgject this joint hypothesis,
data revisions, coefficients that change over time, and peso-type problems may prevent someone
from using the results of Equation (1) to make better forecasts.

Most studies have focused on bias tests for inflation by looking at the consumer price
index, asin Croushore (2005). Only afew studies have examined the output price index as we
do here. Perhaps the most notable is Zarnowitz (1985), who finds bias in the forecasts. Though
Zarnowitz' s results are overturned by Keane-Runkle (1990), who find evidence against bias
using individual data, rather than the survey average data that Zarnowitz used. Zarnowitz,
however, looked at only one |latest-available vintage as actuals, so we will test whether such
results are due to the choice of actuals.

In testing forecasts over a four-quarter (SPF) or five-quarter horizon (Livingston), we
face the issue of overlapping observations. Because the forecasts span alonger period than the
sampling frequency, any shock affects the actuals for several consecutive periods. For example,
an oil price shock in 1973:Q2 affects any measurement of actuals that includes that quarter and
therefore the forecast errors for forecasts made over the period including 1973:Q2. For the SPF,
this means that the forecast errors from surveys taken in 1972:Q2, 1972:Q3, 1972:Q4, 1973.Q1,
and 1973:Q2 are all correlated; for the Livingston survey, correlation occurs among forecast
errors from surveys taken in 1972:H1, 1972:H2, and 1973:H1. To alow for these overlapping

observations, we must either cut the SPF sample into five pieces (taking every fifth observation)
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and the Livingston survey into three pieces, or adjust the covariance matrix using methods
suggested by Brown and Maital (1981), using the method of Hansen and Hodrick (1980),
perhaps as modified by Newey and West (1987) to guarantee a positive definite covariance
matrix.

Table 2 shows the results of the test for bias for the Livingston survey and the SPF, with
both alternative methods of accounting for overlapping observations and with two different
actuals, latest available and pre-benchmark. Thetest is run for both the first 11 years of the
sample (1971 to 1981) and for the full sample. The coefficient estimates for Equation (1) are
shown along with the R?, the Durbin-Watson statistic, and the p-value for the joint hypothesis
test of a zero constant and slope = 1. When we use the sample with overlapping observations,
the p-value is based on a chi-squared test using the Newey-West method for adjusting the
covariance matrix. When we split the sample to avoid the problem of overlapping observations,
the p-value is based on anF test.

For the Livingston survey, shown in panel a, using latest-available data on actuals, we
reject the null hypothesis of unbiased forecastsfor the 1971 to 1981 period; but over the full
sample, we do not reject the null. We get the same result no matter how we deal with the
overlapping-observations problem with actuals being the latest available data. Thisresult is
weakened somewhat when we use pre-benchmark vintages as actuals, in which case the
adjustment of the covariance matrix to deal with the overlapping-observations problem on the
early sample leads to no regjection of the null hypothesis. But for two of the three split samples,
we continue to reject the null hypothesis for the 1971 to 1981 period. For the SPF, however, the
survey looks more unbiased. The only regjection that we have is for the overlapping-observations

sample for the 1971 to 1981 period; in all other cases, we do not reject the null. Looking at other
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actuals (one-year later and three-years later), the patternin terms of rejections of the null

hypothesis is exactly like that for pre-benchmark actuals for both surveys, so those results are not

reported here.

Sample period
Actuals=L atest
Overlapping Observations
First subsample:

71H1-81H2
Full sample:

71H1-04H1

Split-Sample Results

First subsample:
71H1-81H2
71H1-04H1

Second subsample:
71H1-81H2

71H1-04H1
Third Subsample:

71H1-81H2

71H1-04H1

A

a

4.160
(1.643)

-0.625
(0.512)

3.160
(3.050)

-0.954
(0.820)

4.403
(1.898)

-0.374
(0.766)
4.947
(3.397)

-0.592
(0.962)

Table 2a
Test for Bias, Livingston Survey

b

0.643
(0.189)

1.100
(0.113)

0.752
(0.379)

1.168
(0.142)

0.621
(0.225)

1.052
(0.129)
0.555
(0.420)

1.089
(0.167)

R2

0.37

0.73

0.29

0.75

0.52

0.76

011

0.66

D.W.

0.44

0.29

1.89

1.01

241

0.93

2.58

0.90

p-value

012

460

.001

.140

.000

720

.000

493
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A

Sample period a b R? D.W. p-value
Actuals=Pre-Benchmark Vintage
Overlapping Observations
First subsample:
71H1-81H2 3.664 0.716 0.29 0.43 121
(2.379) (0.253)
Full sample:
71H1-04H1 -0.770 1.143 0.71 0.35 319
(0.510) (0.118)
Split-Sample Results
First subsample:
71H1-81H2 2.464 0.811 0.23 1.93 .010
(3.681) (0.458)
71H1-04H1 -0.881 1.150 0.72 1.43 197
(0.868) (0.150)
Second subsample:
71H1-81H2 4.189 0.677 0.32 2.56 .000
(2.899) (0.344)
71H1-04H1 -0.610 1113 0.73 147 354
(0.869) (0.1247)
Third Subsample:
71H1-81H2 4.410 0.660 0.08 2.66 .000
(4.358) (0.539)
71H1-04H1 -0.848 1172 0.66 1.33 137
(1.042) (0.181)

Note: standard errors are in parentheses.
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Table2b
Test for Bias, SPF

Sample period a b R? D.W. p-value
Actuals=L atest Available
Overlapping Observations
First subsample:
71Q1-81Q4 4.327 0.486 0.20 0.18 012
(1.604) (0.229)
Full sample:
71Q1-04Q2 -0.200 1.036 0.64 0.13 .866
(0.422) (0.114)
Split-Sample Results
First subsample:
71Q1-81Q4 3.922 0.537 0.24 2.15 135
(1.950) (0.297)
71Q1-04Q2 -0.164 0.997 0.67 0.96 .826
(0.656) (0.139)
Second subsample:
71Q1-81Q4 4.834 0.392 0.10 2.05 .065
(1.854) (0.288)
71Q1-04Q2 -0.028 0.989 0.62 1.06 965
(0.693) (0.148)
Third Subsample:
71Q1-81Q4 4.366 0.485 0.08 2.18 162
(2.438) (0.377)
71Q1-04Q2 -0.256 1.048 0.62 1.14 941
(0.736) (0.158)
Fourth Subsample:
71Q1-81Q4 3.722 0.612 0.15 1.88 140
(2.437) (0.390)
71Q1-04Q2 -0.357 1.106 0.63 0.89 795
(0.742) (0.165)
Fifth Subsample:
71Q1-81Q4 4.589 0.435 0.04 1.95 141
(2.420) (0.383)
71Q1-04Q2 -0.238 1.051 0.62 0.87 946
(0.724) (0.159)
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A

Sample period a

Actuals=Pre-Benchmark Vintage
Overlapping Observations
First subsample:

71Q1-81Q4 4.110
(2.254)
Full sample:
71Q1-04Q2 -0.301
(0.450)

Split-Sample Results
First subsample:

71Q1-81Q4 4.090
(2.667)
71Q1-04Q2 -0.335
(0.749)
Second subsample:
71Q1-81Q4 4.324
(2.477)
71Q1-04Q2 -0.167
(0.765)
Third Subsample:
71Q1-81Q4 3.591
(3.078)
71Q1-04Q2 -0.427
(0.817)
Fourth Subsample:
71Q1-81Q4 3.707
(2.793)
71Q1-04Q2 -0.357
(0.757)
Fifth Subsample:
71Q1-81Q4 4.858
(3.207)
71Q1-04Q2 -0.258
(0.825)

Note: standard errors are in parentheses.

[=2Y

0.527
(0.309)

1.069
(0.122)

0.532
(0.406)

1.043
(0.158)

0.482
(0.384)

1.029
(0.164)

0.624
(0.476)

1.101
(0.174)

0.587
(0.447)

1.103
(0.757)
0.405
(0.507)

1.076
(0.181)

0.15

0.61

0.09

0.63

0.07

0.60

0.08

0.60

0.08

0.62

-0.05

0.57

D.W.

0.17

0.15

2.22

141

1.96

1.39

2.18

1.48

1.80

111

1.85

1.16

p-value

110

.798

245

.864

196

975

314

.846

252

814

250

904

25



FORECAST-IMPROVEMENT EXERCISES
The next question we seek to answer is. if you observed the pattern of past forecast
errors, could you have used the knowledge to make better forecasts? Consider trying to

improve on the forecasts in the following way. Run the bias regression in Equation (1),

estimate & and b , then create anew and improved forecast, p, :
pi=d+bp,. &)

Those who argued in the early 1980s that the forecasts were irrational suggested
that this approach would have led forecasters to have much smaller forecast errors than in
fact they had. But suppose we had followed their advice over time. How big would the
subsequent forecast errors be? And would following this advice lead to a lower root-
meansquared forecast error (RMSFE)?

Running this experiment, using real-time data, |eads to the results shown in Table
3. Theresults show that the use of Equation (2) to improve the survey results is not very
fruitful. Interestingly enough, the root- mean squared-forecast error for the original
survey is not much affected by whether we use as actuals the one-quarter-later value or
the one-year-later value. However, the choice of actuals strongly affects the forecast
improvement results, because different actuals lead to very different values on the |eft-
hand-side of Equation (2). The results suggest that it is better to use as an actua value a
number reported shortly after the survey was made.

{To be added: regressions using rolling windows of data rather than full sample
and Diebold-Mariano tests of significance of the different RM SEs, plus investigation

over subsamples.}



Table3

RM SFEsfor Forecast-l mprovement Exercises

Survey Period

Actuals=One-Year Later
Livingston  1976:H1-2002:H2

SPF 1976:Q1-2003:Q2

Actuals= One-Quarter Later
Livingston ~ 1976:H1-2003:H2

SPF 1976:Q1-2004:Q1

Original
Survey

1.22

1.10

1.23

111

Attempts to Improve on Survey

Full 10-year S-year
Sample Window Window

2.15

2.24

1.70

1.67
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ADDITIONAL TESTSFOR FORECAST ACCURACY

Diebold and Lopez (1996) suggest a variety of tests that forecasts should pass,
other than bias tests

Sign Test. The sign test is based on the hypothesis that forecast errors are
independent with a zero median. As aresult, the number of positive observations in the
sample has a binomial distribution. The sign test is only valid for samples that do not
have overlapping observations, so we cut the Livingston sample into three parts and the
SPF sample into five parts to run the test.

The results are shown in Table 4. Choosing a significance level of .05, we reject
the null for a sample split into n sub-samples at a significance level of .05/n. More
precisely, if we have n independent samples, for each sample the relevant significance
level is a, where aiis given by the equation: 1 — (1 —a)" = 0.05. For n=3, a=0.0170;
forn=5, a=0.0102. If the p-vaue shown in the right- hand column is less than this, we
would reject the null hypothesis.

In no case do we reject the null hypothesis that the forecast errors are independent
with a zero median. Thus the forecasts appear to pass the sign test, at least for using

latest-available data as actuals and pre-benchmark data as actuals.
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Table4

Sign Test

Survey Period Subsample N Reject null? p-vaue

Actuals=L atest

Livingston  ‘71H1-'04H1 1 23 no 1444
2 22 no .6698
3 22 no .3938

SPF ‘71Q1-'04Q2 1 26 no 4328
2 27 no 1779
3 27 no 3359
4 27 no 8474
5 27 no 8474

Actuals=Pre-Benchmark

Livingston ~ ‘71H1-'04H1 1 23 no 2971
2 22 no .2008
3 22 no .3938

SPF ‘71Q1-'04Q2 1 26 no 1166
2 27 no 1779
3 27 no 1779
4 27 no 8474
5 27 no 5637
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Wilcoxon Signed-Rank Test. Under the same null hypothesis of independent

errors with a zero median, the Wilcoxon Signed-Rank Test also requires a symmetric

distribution, thus accounting for the relative magnitudes of the forecast errors. The test

statistic is the sum of the ranks of the absolute values of the positive forecast errors,

where the forecast errors are ranked in increasing order, which is distributed as a standard

normal.

Table 5 shows the results, with p- values reported in the last column. The null

hypothesis is never rejected for any of the subsamples for both surveys.

Survey Period
Actuals=L atest

Livingston  ‘71H1-'04H1
SPF ‘71Q1-'04Q2

Actuals=Pre-Benchmark
Livingston ~ ‘71H1-'04H1

SPF ‘71Q1-°04Q2

Subsample

[EEN

wWN P abrwdNPE W N

abh wNEF

Table5
Wilcoxon Signed-Rank Test

N

23
22
22

26
27
27
27
27

23
22
22

26
27
27
27
27

Reject null?

333 33333 3383

33333

p-vdue

4115
4651
5057

2376
.3366
4279
.7186
.3488

5034
3382
4264

1742
2488
.3488
5971
4004
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Zeo-Mean Test. Good forecasts should be such that the mean forecast error is

zero. Again, as Table 6 shows, the forecasts pass the test easily, as the mean of each

forecast is quite close to zero, whether we use |latest-avail able actuals or pre-benchmark

actuals.

Survey Period
Actuals=L atest

Livingston  ‘71H1-'04H1
SPF ‘71Q1-'04Q2

Actuals=Pre-Benchmark
Livingston  ‘71H1-'04H1

SPF ‘71Q1-' 04Q2

Subsample

wWN P apbh wdNPE wWN P

ab~hwnNPRE

Table6
Zero-Mean Test

N

23
22
22

26
27
27
27
27

23
22
22

26
27
27
27
27

Reect null?

333

33333

33333 333

p-vaue

.8308
7708
1525

9791
.9562
1492
.7070
.7070

.8308
.7708
9157

5319
71976
3135
.8208
.8738
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Dufour Test. The Dufour test is abit more sophisticated than the sign test and

the Wilcoxon signed-rank test, but based on the same principle. It follows the same

structure as the Wilcoxon test, but is applied to the product of successive forecast errors,

thus testing whether the forecast errors are white noise.

Theresults are shown in Table 7. Again, in no case do we reject the null

hypothesis. Thus we cannot regject the hypothesis that the forecast errors are white noise.

Survey Period
Actuals=L atest

Livingston  ‘71H1-'04H1
SPF ‘71Q1-'04Q2

Actuals=Pre-Benchmark
Livingston  ‘71H1-'04H1

SPF 71Q1-'04Q2

Subsample

1
2

ab~hwnN PR

WN -

O bhwWN P

Table7
Dufour Test

N

22
21
21

25
26
26
26
26

22
21
21

25
26
26
26
26

Reject null?

33333 333

333

33333

p-vaue

.1080
.0496
.0420

.3533
3337
4237
.3158
4237

3720
.0918
0792

.3819
.5850
.5850
6752
.5506

32



Pear ce Test. Perhaps the most convincing study of rational expectationsin the
1970s was Pearce (1979). Pearce made the observation that, looking at CPI data, if you
were to smply estimate an ARIMA model using standard Box-Jenkins techniques, you
would create better forecasts than the Livingston survey had. This test was so simple that
it convinced even the most diehard supporter of rational expectations that something was
wrong with the survey forecasts. But, again, Pearce' s sample period happened to be
fairly short and was a period in which inflation generally rose unexpectedly. With more
than 20 more years, is Pearce’ s result still valid? Croushore (2005) argues that it is not
for the case of the CPI. We can run a similar exercise for the output price index

Pearce assumed that the model appropriate for inflation was an IMA(1,1) process.
We run one set of experiments based on that process, and another in which we assume an
AR process that is determined by calculating SIC values period by period, thus allowing
the model to change over time. We aso run two permutations, one with real-time data
and one with latest-available data, to see how much real-time data matters for creating
such forecasts, as in Stark and Croushore (2002).

The results of the exercise are shown in Table 8. There is little support for the
view that asmple ARIMA model can do better than the survey forecasts. The best
evidence in favor of the ARIMA model comes from using latest-available data rather
than real-time data, and only when latest-available data are used as actuals. Thusthereis
no way that a forecaster in real time could have used an ARIMA model to improve on the

survey forecasts.
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Table8
Pearce' s Test, SPF
Root Mean Squared Forecast Errors

Real-Time Data L atest-Available Data
Sample period Survey IMA(1,1) SIC IMA(1,1) SIC
Actuals=Latest
1971:Q1-1981:Q1  2.237 2.360 3.286 2.249 3.032
1971:Q1-2004:Q2  1.538 1.589 1.998 1.507 1.819
Actuals=Pre-Benchmark
1971:Q1-1981:Q1  2.584 2771 3.578 2.667 3.325
1971:Q1-2004:Q2  1.691 1.786 2.147 1.719 1.980



CONCLUSION

The Livingston survey and Survey of Professional Forecasters developed poor
reputations because of the systematic pattern of forecast errors found in the 1970s. Using
basic statistical tests, researchers found that the forecast errors from the surveys failed to
pass a number of basic tests, most importantly the Pearce test. But when we look at a
much longer sample of data, which goes beyond the years in which movements of
inflation were dominated by oil-price shocks, we find that the inflation forecasts pass
those statistical tests convincingly. In addition, the evaluation of forecast errors depends
in part on the choice of actuals, with actuals taken to be latest-available data providing

the least favorable evaluation of the forecasts.
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