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1 Introduction

A number of surveys periodically report the macroeconomic predictions of panels of professional forecasters.

Perhaps best known are the venerable Livingston Survey and the Survey of Professional Forecasters, begun in

1946 and 1968 respectively, both presently conducted by the Federal Reserve Bank of Philadelphia. Others

are the Bank of England�s Survey of External Forecasters, the CESifo World Economic Survey, the INSEE�s

Monthly Business Survey, The Duke/CFO Magazine Global Business Outlook Survey, and a panel of the

National Association of Business Economics.

To study the temporal variation of forecasts, it is common to aggregate the predictions reported by

panel members at each administration of the survey and analyze the time series of the aggregated predic-

tions. See, for example, Hafer and Hein (1985), Fair and Shiller (1989), Pennacchi (1991), Baghestani (1994,

2006), Thomas (1999), Romer and Romer (2000), Ball and Croushore (2003) and Campbell (2007). Sum-

mary reports of survey �ndings traditionally take this form. Consider the quarterly Survey of Professional

Forecasters (SPF). In February 2008, the Philadelphia Fed issued a release of �ndings from the survey

administered in the �rst quarter of 2008, with this opening statement: "The outlook for growth in the �rst

half of 2008 looks much weaker now than it did three months ago, according to 50 forecasters surveyed by

the Federal Reserve Bank of Philadelphia. . . . . . Growth in the current quarter is projected at an

annual rate of 0.7 percent, down from the projection of 2.2 percent in last year�s fourth-quarter survey."1

Interpretation of the temporal variation in an aggregated prediction can be problematic when forecasters

are heterogeneous, and the interpretative problem is exacerbated when panel composition changes over time.

First consider heterogeneity with a panel of �xed composition. When the Philadelphia Fed reported that

growth is projected at an annual rate of 0.7 percent, one cannot know whether this was a consensus across the

50 forecasters or whether they disagreed sharply in their predictions. Nor can one know whether all panel

members revised their beliefs downward between the fourth quarter of 2007 (4Q2007) and the �rst quarter

of 2008 (1Q2008). This and other di¢ culties of inference stemming from forecaster heterogeneity have long

been recognized by researchers. See, for example, Zarnowitz and Lambros (1987), Keane and Runkle (1990),

Giordani and Soderlind (2003), section 5 of Pesaran and Weale (2006), Patton and Timmerman (2008), and

Engelberg, Manski, and Williams (2009).

Changing panel composition has not received similar attention. Although the Philadelphia Fed release of

�ndings stated that 50 forecasters participated in the survey, this actually was the number of participants in

the 1Q2008 survey. The number of participants in the 4Q2007 survey was 48, of whom only 42 participated

in the 1Q2008 survey.2 Thus, 14 forecasters participated in only one of the two surveys, 6 participating

only in 4Q2007 and 8 only in 1Q2008. To an unknown extent, the dramatic weakening in beliefs about

future growth reported in the release of �ndings could be an artifact of changing panel composition. At the

1See http://www.philadelphiafed.org/�les/spf/survq108.html.
2Here "participation" means that a forecaster �lled out the portion of the survey that asked for his point forecast of in�ation.

Because we use the probabilistic forecasts in our analysis, hereafter "participation" means that a forecaster �lled out the portion
of the survey that asked for his probabilistic forecast.

2



extreme, 6 optimistic forecasters may have been replaced by 8 pessimistic ones.3

To quantify the possible consequences of changing panel composition in a simple setting, suppose that

four forecasters labelled (A, B, C, D) are surveyed in the �rst quarter of year t and report heteroge-

nous subjective probability distributions for in�ation in year t + 1: In particular, their subjective medians

(M) and interquartile ranges (IQR) are [M(A) = 0:04; IQR(A) = 0:02], [M(B) = 0:04; IQR(B) = 0:01],

[M(C) = 0:02; IQR(C) = 0:02]; and [M(D) = 0:02; IQR(D) = 0:01]. Suppose further that a hypothetical

"representative forecaster" is de�ned to have the average of the reported values of M and IQR. Thus, the

representative forecaster, labelled R, has [M(R) = 0:03; IQR(R) = 0:015]: Now move ahead to the second

quarter of year t and let the panel be asked again for their expectations about in�ation in year t+1: Suppose

that all four forecasters continue to have the same expectations that they reported in the �rst quarter, but

only three of them respond to the second survey. If Forecaster D does not respond, the representative

forecast in the second quarter is [M(R) = 0:033; IQR(R) = 0:017]: Hence, the temporal variation in the

representative forecast makes it appear that forecasters have become more pessimistic and more uncertain

about in�ation. On the other hand, if Forecaster A does not respond to the second survey, the representative

forecast becomes [M(R) = 0:027; IQR(R) = 0:013]. In this case, the temporal variation in the representative

forecasts makes it appear that forecasters have become more optimistic and more certain about in�ation.

While it is easy to construct numerical examples of the above sort, careful empirical analysis is required

to evaluate how forecaster heterogeneity and changing panel composition may a¤ect aggregated predictions

in actual surveys. To shed light on the matter, we have examined the data on probabilistic in�ation

expectations obtained by the Survey of Professional Forecasters (SPF) in the period 1992 - 2006. After

describing the SPF data in Section 2, this paper presents our �ndings in Sections 3 and 4.

We conclude that the interpretative problem is always serious in principle and is often serious in practice.

Three factors contribute to this conclusion. First, we show in Section 3 that the predictions reported by SPF

panel members exhibit considerable heterogeneity. Moreover, this heterogeneity exhibits strong persistence.

That is, forecasters who are relatively uncertain about future in�ation in one survey tend to be relatively

uncertain throughout their participation in the panel. Those who expect high in�ation in one survey tend to

expect high in�ation in other surveys. Thus, it appears that the heterogeneity observed in the SPF forecasts

arises out of permanent di¤erences between forecasters in the way that they form in�ation expectations.

Second, we show in Section 4 that the composition of the panel changes substantially over time, in part

due to long-run turnover in the forecasters who o¢ cially serve as members of the panel and in part due to

short-run variation in the panel members who actually respond to the survey. Consider, for example, the

year-to-year stability of the panel. On average, 34 forecasters participated in each quarterly administration

of the SPF during the 1992-2006 period. However, an average of 9 forecasters who participated in a given
3Although the Philadelphia Fed release quoted above does not mention changing panel composition as a possible source

of temporal variation in the aggregated forecast, Fed releases have occasionally remarked on this possibility. For exam-
ple, a release in early 2007 observed that new panel entrants had lower in�ation expectations than those who had partic-
ipated in a previous survey. The release stated "This suggests that a changing composition of the panel of forecasters
over the last two surveys also contributes to the downward revision to the consensus long-term CPI in�ation outlook." See
http://www.philadelphiafed.org/�les/spf/survq107.html
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quarter did not participate four quarters later, with another 10 or so taking their place at that time. Thus,

when comparing predictions made four quarters apart, one confronts the problem that an average of 43 or

44 forecasters participated in at least one of the two surveys, but only about 25 participated in both.

Third, we report in Section 4 that little is known about the process that determines panel composition.

Time-series analysis of aggregated predictions would be a well-de�ned inferential problem if it were credible

to assume that panel members are randomly recruited from a stable population of potential forecasters and

that participation in the survey after recruitment is statistically independent of forecasters�beliefs about

in�ation. However, evidence to justify these assumptions is not available.

The underlying di¢ culty is that the changing composition of the SPF panel creates a problem of partial

identi�cation due to missing data; see Manski (2007). Without knowledge of the forecaster participation

process, one can only bound the distribution of in�ation expectations in the panel at a given point in

time, and similarly bound the distribution of changes in expectations over time. The constantly changing

composition of the SPF panel implies that a large fraction of the relevant data are typically missing. Hence,

the bounds are quite wide.

In the absence of knowledge of the process determining panel composition, we recommend against the

traditional use of the time series of aggregated SPF predictions to measure the evolution of forecasters�

expectations. While other authors have advised against using the consensus forecasts,to our knowledge we

are the �rst to argue that changing panel composition should discourage researchers from using the time

series of consensus forecasts. Such time series con�ate changes in the expectations of individual forecasters

with changes in the composition of the SPF panel.4 Disentangling the two factors requires knowledge of

the forecaster participation process.

Keane and Runkle (1990) also argue against using consensus forecasts. First, interpreting point fore-

casts as conditional expectations, they point out that the average of several expectations conditioning on

di¤erent information sets need not be the conditional expectation given any one information set. Second,

they argue that consensus forecasts "mask" forecaster heterogeneity. They conclude: "for both of these rea-

sons...researchers must use individual data in order to test hypotheses about how people form expectations."

To replace analysis of aggregated predictions, we too recommend study of the time series of the predictions

made by individual forecasters. As a prelude, we introduce in Section 3 a straightforward and appropriate

way to describe the cross-sectional heterogeneity of predictions in a given survey. We consider each forecaster

separately and compute parameters that measure the central tendency and spread of the elicited subjective

probability distribution for future in�ation; in particular, we suggest the subjective median and interquartile

range.5 This done, a plot showing the subjective (median, IQR) of each forecaster clearly portrays the

4 In 2004, the SPF sta¤ published a memo acknowledging this problem.
(See https://www.phil.frb.org/�les/spf/WebMemo.pdf.) In the memo, the sta¤ considered creating an "experimental panel"

of forecasters who had participated in the SPF continuously since 1999. However, they found that no forecaster participated
in every survey between 1Q1999 and 2Q2004. Hence, the contemplated experimental panel would have had no members.

5The SPF elicits subjective probabilities that the in�ation rate will fall into each of ten intervals, rather than full subjective
distributions. Hence, an auxiliary assumption about the distribution of probability mass within each interval is needed to
compute exact values for these parameters. The SPF intervals are narrow, so this is not much of a concern in practice. See
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heterogeneity of in�ation forecasts at a point in time.6

To describe the evolution of expectations across the quarterly administrations of the survey, in Section 4

we recommend enhancing the plot with arrows to indicate how each forecaster changes his beliefs from one

quarter to the next. Although we think that study of the predictions made by individual forecasters is the

most appropriate way to use the SPF data, some researchers may continue to seek the relative simplicity of a

single time-series of aggregated predictions. For these researchers, Section 4 shows how to perform modest

forms of time-series analysis with sub-panels of �xed composition.

Although the data analysis in this paper focuses on probabilistic in�ation expectations in the SPF, we

emphasize in the concluding Section 5 that the themes developed here apply much more broadly. They apply

equally well to the other probabilistic and point forecasts obtained in the SPF and, moreover, to the other

panels of macroeconomic forecasters that we listed at the outset. Indeed, they apply even more broadly to

panels making other types of forecasts. A prominent example outside of economics is the Intergovernmental

Panel on Climate Change (IPCC). 7

Before proceeding, we call the reader�s attention to an alternative and very di¤erent approach to coping

with entry and exit of forecasters, proposed by Capistran and Timmermann (2008) in a paper written

contemporaneously and independently of our own. They seek combinations of available past forecasts that

best predict subsequent realizations of the quantity forecast, given speci�ed prediction criteria. They do not

pose assumptions on the entry-exit process that provide a foundation for use of the estimated best predictors

to forecast future realizations. It may be that assumption of some form of temporal stability in the entry-exit

process would provide such a foundation.

2 The SPF Data

The Survey of Professional Forecasters has been administered since 1990 by the Federal Reserve Bank of

Philadelphia. The SPF was begun in 1968 by the American Statistical Association and the National Bureau

of Economic Research; hence, it was originally called the ASA-NBER survey. The panel of forecasters, who

include university professors and private-sector macroeconomic researchers, are asked to predict American

GDP, in�ation, unemployment, interest rates, and other macroeconomic variables.8 The survey, which is

performed quarterly, is mailed to panel members the day after government release of quarterly data on the

Section 2 for further discussion.
6We earlier suggested this idea in our working paper Engelberg, Manski, and Williams (2006, Section 5) and develop it more

fully here. Engelberg, Manski, and Williams (2009) is a revised version of Sections 1 through 4 of the 2006 working paper, but
does not include the material in Section 5. The present paper builds on and supercedes Section 5.

7The IPCC was established by the World Meteorological Organization and the United Nations Environment Programme in
1988. Its role is �to assess on a comprehensive, objective, open and transparent basis the scienti�c, technical and socioeconomic
information relevant to understanding the scienti�c basis of risk of human-induced climate change, its potential impacts and
options for adaptation and mitigation�(http://www.ipcc.ch/about/about.htm). The Panel surveys scienti�c articles on climate
change and summarizes the �ndings in �assessment reports�that are released every few years. Among other things, the reports
contain the panel members�aggregated beliefs that increases in global temperatures are due to human activity. The composition
of the panel of climatologists writing the assessment reports can impact the beliefs that are reported in the reports. Comparison
of the beliefs expressed in di¤erent reports may therefore be problematic: temporal variation in aggregated beliefs could re�ect
changes in the composition of the authors of the reports rather than changes in the available information about climate change.

8A partial list of respondents is posted in the Philadelphia Fed�s quarterly release at http://www.phil.frb.org/econ/spf/
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national income and product accounts.

2.1 Question Format

Each quarter, the SPF asks panel members to make point and probabilistic forecasts of annual real GDP

and in�ation. To analyze the responses, it is important to understand the speci�c format of the questions.

We describe here the format of the probabilistic forecasts for in�ation, which are the focus of this paper.

In the four quarterly surveys administered during calendar year t, respondents are asked to forecast the

percentage change in the GDP price index between the ends of years t - 1 and t. They are also asked to

forecast the corresponding change in the price index between the ends of years t and t+1. In each case, the

SPF instrument partitions the real number line into intervals and asks respondents to report their subjective

probabilities that in�ation will take a value in each interval. During the sample period that we study, the

intervals are (�1; 0); [x; x+ 1) for x = 0; 1; :::; 7 and [8;1) percent.

As described above, forecasts are made quarterly for the current year and the next year. To identify

which year is being forecast and when the forecast is made, we will write that a forecast is "X quarters ahead

for year Y." For example, in the �rst quarter of 1995 forecasts were made for in�ation in 1995 and 1996. We

label these two forecasts respectively as a four quarter ahead forecast for 1995 and an eight quarter ahead

forecast for 1996. Thus, within year t, we observe eight forecasts made at di¤erent horizons: one quarter

ahead for year t, ... , four quarters ahead for year t, �ve quarters ahead for year t+1,....., and eight quarters

ahead for year t+1.

2.2 Sample for Analysis

The SPF began in 1968, but we restrict attention to data collected from 1992 on. There are two main

reasons for this:

1. Our analysis will focus on individual forecasters, following their forecasts over time. Before the

Philadelphia Fed began to administer the survey, there is some evidence that forecaster IDs were

reused over time as some forecasters left the panel and others joined. The Fed took over the survey

in Quarter 3 of 1990, and has ensured since that forecaster IDs are not reused.9

2. The intervals on which respondents place probabilities have changed over the years. There were six

intervals from Quarter 1 of 1983 through the end of 1991. There have been ten intervals since then.

Because of these issues, we restrict our analysis to the survey responses from Quarter 1 of 1992 through

Quarter 4 of 2006. As Table 1 demonstrates, even after this restriction our sample is large, with 4038

observations provided by 140 unique forecasters over the �fteen year period.

9The Philadelphia Fed still must decide whether a forecaster ID should follow a forecaster when he changes employer.
Information on the Fed�s website indicates that such decisions are based on judgments as to whether the forecasts represent the
�rm�s or the individual�s beliefs. See http://www.phil.frb.org/econ/spf/Caveat.pdf
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Table 1: Descriptive Statistics

Quarters Ahead Observations Missing Data Unique Forecasters Mean Forecasters per Survey

1 507 63 117 33.8

2 513 52 124 34.2

3 527 51 129 35.1

4 482 56 109 32.1

5 508 62 116 33.9

6 507 58 124 33.8

7 522 56 126 34.8

8 472 66 108 31.5

ALL 4038 464 140 33.7

We count an observation as missing if the forecaster does not provide values for his subjective distribution.

2.3 Using the Probabilistic Forecasts to Estimate Subjective Distributions

Each SPF probabilistic forecast elicits the subjective probability that in�ation will fall in ten intervals.

Hence, the forecast does not fully reveal a respondent�s subjective distribution. Suppose, for example, that

a forecaster reports a 0.3 probability that in�ation will be in the interval [2, 3) percent, a 0.6 probability

for the interval [3, 4) and a 0.1 probability for the interval [4, 5). Then we can infer these points on the

forecaster�s cumulative distribution function: F(.02) = 0, F(.03) = 0.3, F(.04) = 0.9, and F(.05) = 1.

To compute precise values for parameters measuring the central tendency and spread of each subjective

distribution, we need to assume how probability mass is distributed within each interval. We assume that

the mass is distributed uniformly within each interior interval. This assumption is relatively innocuous

because the widths of the interior intervals are only one percent each.

We assume that probability mass placed in the tail intervals (�1; 0) and (8;1) is uniformly distributed

within the intervals (�1; 0) and (8; 9) respectively. This assumption could in principle be consequential,

but it is innocuous in our work for three reasons. First, relatively few respondents place any mass in the

tail intervals. Second, those respondents who do use the tail intervals generally place only small mass in

them. Third, our analysis uses the median of a subjective distribution to measure central tendency and the

interquartile range (IQR) to measure spread. These parameters are robust to variation in the distribution

of probability mass within the tail intervals.

An alternative analytical approach would be to make no assumptions about the distribution of probability

mass within each interval. In that case, one cannot compute precise values for the median and IQR of a

subjective distribution but one can obtain bounds on these parameters. This nonparametric approach

was used in Engelberg, Manski, and Williams (2008), in a study of the central tendency of forecasters�

expectations.
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3 Cross-Sectional Heterogeneity in In�ation Expectations

The median of a forecaster�s subjective probability distribution measures the central tendency of his beliefs,

and the interquartile range measures the uncertainty that this forecaster perceives. A simple way to

summarize the cross-sectional distribution of forecaster beliefs at a point in time is to create a two-dimensional

plot with subjective median on one axis and IQR on the other. To illustrate, the ten plots in Figure 1 show

the four-quarter-ahead in�ation forecasts made in the �rst quarter of each year from 1997 through 2006.

The vertical line in each plot locates the cross-sectional median of forecasters� subjective medians. The

horizontal line locates the cross-sectional median of their subjective IQRs.

The plots are simple to interpret. Each point in a plot represents a unique forecaster. The intersection

of the lines in a plot give the expectations of a hypothetical "median forecaster." When the points cluster

towards the top, forecasters tend to feel much uncertainty. When the points are dispersed horizontally,

disagreement in the central tendency of forecasts is high.

For example, in the �rst quarter of 2004, the subjective median of almost all forecasters for the in�ation

rate in the year ahead lay in a tight band between 1 percent and 2 percent, with a cross-sectional median

of about 1.5 percent. Subjective IQRs ranged between 0.5 percent and 1.5 percent, with a cross-sectional

median of about 1.2 percent.10 Thus, there was remarkably little disagreement in the central tendency of

the SPF in�ation forecasts. Forecasters varied moderately in their uncertainty about in�ation in the year

ahead.

Two years later, in the �rst quarter of 2006, the plot looks strikingly di¤erent. At this point in time,

the subjective median varied considerably across forecasters, from a low of about 1.8 percent to a high of

about 4.4 percent, with a cross-sectional median of 2.6 percent. Subjective IQRs ranged between 0.5 percent

and 2.5 percent, with a cross-sectional median of 1 percent. Thus, there was much more heterogeneity in

in�ation expectations in 2006 than in 2004.

The plots shown in Figure 1 portray the SPF data very di¤erently from the quarterly summaries of �ndings

released by the Philadelphia Federal Reserve Bank. These releases aggregate forecasters� probabilistic

predictions by reporting the cross-sectional means of their elicited subjective probability distributions. As

recognized by Giordani and Soderlind (2003), the cross-sectional mean of these distributions is a hybrid

statistic that con�ates forecaster uncertainty and disagreement. To illustrate, suppose that there are two

forecasters, labeled A and B, and consider two scenarios. In one scenario, Forecaster A places all probability

mass in the in�ation interval [2, 3) percent while Forecaster B places all probability mass in the in�ation

interval [3, 4) percent. In the other scenario, both forecasters place half their probability mass in the interval

[2, 3) and half in the interval [3, 4). In the �rst scenario, the forecasters are individually quite certain about

the outcome but they completely disagree with one another. In the second scenario, the forecasters are

individually uncertain about the outcome but they completely agree. Reporting the mean probability mass

10The smallest possible IQR is 0.5 percent. This occurs when a forecaster places all of his probability mass in a single
interval. Our assumption that mass is distributed uniformly within each interval then implies that the IQR is 0.005.
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in each interval makes these two scenarios indistinguishable.

We recommend that the Philadelphia Fed include plots like Figure 1 in the quarterly summaries of SPF

�ndings reported to the public. The plots show, in a transparent manner, an informationally rich summary

of the predictions made by the panel of forecasters. Scanning across the x-axis, one observes the degree to

which forecasters agree or disagree with one another in the central tendencies of their forecasts. Scanning

across the y-axis, one observes the uncertainty that forecasters perceive about future in�ation. Scanning both

axes jointly, one observes the association between central tendency and spread in the individual forecasts.
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Figure 1: Median/IQR Plot for 4 Quarters Ahead In�ation Forecasts 1997-2006

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

1997

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

2002

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

1998

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

2003

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

1999

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

2004

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

2000

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

2005

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

2001

0.005

0.01

0.015

0.02

0.025

0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045

MEDIAN

IQ
R

 |

2006

10



3.1 Persistence of Heterogeneity

For time-series analysis of the SPF data, it is important to know whether the cross-sectional heterogeneity

apparent in Figure 1 is a transient phenomenon or persists across surveys. In particular, we want to know

whether panel members whose forecasts have high (low) subjective median or IQR in one survey tend to

have high (low) median or IQR in other surveys.

Table 2 considers all in�ation forecasts observed during our sample period and displays the serial and

contemporaneous correlation of forecasters�subjective medians and IQRs. Table 2 presents both arithmetic

and rank correlations. The arithmetic correlations are computed on the raw data. The rank correlations

are computed by transforming each raw forecast into its rank within the group of contemporaneous forecasts

made by panel members, and then computing arithmetic correlations on the transformed data.

We �nd strikingly strong long-term persistence in the IQR values. The arithmetic (rank) correlation

between forecasters�subjective IQR in surveys one year apart is .59 (.50) and the arithmetic (rank) correlation

across surveys four years apart is almost as large, being .55 (.44). Thus, some forecasters are persistently

con�dent in their in�ation forecasts and others are persistently cautious.11

We also �nd persistence in forecasters�subjective medians, although not as large in magnitude. The

arithmetic (rank) correlation across surveys one year apart is .48 (.32) and the arithmetic (rank) correlation

across surveys four years apart is .11 (.13). Thus, some forecasters persistently expect higher in�ation than

others.

Table 2 also shows the correlations between forecasters� subjective medians and IQRs. We �nd a

moderate positive arithmetic (rank) correlation of .18 (.14) between contemporaneous medians and IQRs,

and this persists when one variable or the other is lagged. Thus, forecasters who expect higher in�ation

tend to be more uncertain.

Overall, Table 2 suggests that the cross-sectional heterogeneity evident in the plots of Figure 1 arises out

of permanent di¤erences between forecasters in the way that they form in�ation expectations. We think

that it would be of great interest in future research to dig deeper and try to infer the distinct processes of

expectations formation that di¤erent forecasters use.

11 In computations not shown in Table 2 , we have also found that the subjective IQR of in�ation forecasts is strongly and
persistently associated with the subjective IQR of forecasts of growth in GDP. Thus, forecasters who are uncertain about
future in�ation tend to also be uncertain about future GDP growth.
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Table 2: Correlations of Subjective Medians and IQRs

This Quarter IQR This Quarter MEDIAN This Quarter IQR This Quarter MEDIAN

 This Quarter IQR 1 0.18  This Quarter IQR 1 0.14

 This Quarter MEDIAN 0.18 1  This Quarter MEDIAN 0.14 1

 Last Quarter IQR 0.55 0.1  Last Quarter IQR 0.59 0.11

 Last Quarter MEDIAN 0.12 0.69  Last Quarter MEDIAN 0.1 0.48

 1 Year Ago IQR 0.59 0.11  1 Year Ago IQR 0.5 0.11

 1 Year Ago MEDIAN 0.14 0.48  1 Year Ago MEDIAN 0.1 0.32

 2 Years Ago IQR 0.56 0.1  2 Years Ago IQR 0.47 0.08

 2 Years Ago MEDIAN 0.09 0.18  2 Years Ago MEDIAN 0.09 0.23

 3 Years Ago IQR 0.53 0.13  3 Years Ago IQR 0.42 0.1

 3 Years Ago MEDIAN 0.02 0.09  3 Years Ago MEDIAN 0.05 0.18

 4 Years Ago IQR 0.55 0.19  4 Years Ago IQR 0.44 0.12

 4 Years Ago MEDIAN 0.01 0.11  4 Years Ago MEDIAN 0.07 0.13

PANEL A: Arithmetic Correlation PANEL B: Rank Correlation

.

4 Measuring Time Series Variation in In�ation Expectations

4.1 Tracking Individual Forecasters

A direct and transparent way to study time series variation in the in�ation expectations of the SPF panel

is to track the responses of individual forecasters across the quarterly surveys in which they participate.

Considering each forecaster in isolation shows clearly how individual expectations evolve over time. Com-

parison of the time paths of the responses of di¤erent forecasters illuminates the heterogeneity of the SPF

panel.

Figure 2 gives two illustrations. The top �gure displays the subjective medians and IQRs for 2001

GDP growth elicited from forecasters who participated in the SPF in both 3Q2001 and 4Q2001. Thus,

the �gure shows GDP growth expectations before and after the terrorist attacks of September 11, 2001.

Each forecaster is depicted by an arrow whose tail is his 3Q2001 prediction and whose tip is his 4Q2001

prediction. The �gure shows that nearly all forecasters revised their subjective medians downward between

3Q2001 and 4Q2001. However, forecasters varied in the direction of revisions to their subjective IQRs, with

some becoming more certain about output growth and others becoming less certain.

The bottom �gure displays the subjective medians and IQRs for 2006 in�ation elicited from forecasters

who participated in the SPF in both 3Q2005 and 4Q2005. Thus, the �gure shows in�ation expectations

before and after Ben Bernanke�s nomination to be Chair of the Board of Governors of the Federal Reserve

System on October 24, 2005. The �gure shows that most forecasters revised their subjective medians

12



upwards but they varied considerably in the magnitude of the revision. Revisions to subjective IQRs were

very heterogeneous in both direction and magnitude.

We recommend that the Philadelphia Fed include plots like Figure 2 in the quarterly summaries of SPF

�ndings reported to the public. The plots show, in a transparent manner, an informationally rich summary

of the quarter-to-quarter revisions to the predictions made by the panel of forecasters.

Figure 2: Change in Expectations around Events
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While Figure 2 nicely displays revisions to SPF expectations from quarter to quarter, it is not feasible

to show longer time series in the same manner. Table 3 show the complete time series of forecasts made by
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two panel members from 2000 through 2006. Comparing the two panels, we observe that forecaster #472

is persistently much more certain about future in�ation than is forecaster #483. The former panel member

always places all of his probability mass in one, two or three intervals, implying IQRs that range from 0.5%

to 1%. In contrast, the latter person never uses fewer than three intervals and often places mass in all ten;

his IQRs range from 0.63% to 2.9%. We also observe that forecaster #472 persistently forecasts lower future

in�ation than does #483. In almost every period when both forecasters complete the survey, the subjective

median for forecaster #472 is less than that for #483.

The two forecasters described in Table 3 clearly di¤er in their beliefs about the ability of the Federal

Reserve System to keep in�ation within the Fed�s "comfort zone." The Fed has not announced an explicit

target range for in�ation, as have the central banks of some other countries. However, many observers think

that, since the turn of the century, the Fed has had an implicit target of 1 to 3 percent in�ation, sometimes

called the comfort zone.12 With this background, it is of interest to learn how probable forecasters think it

is that in�ation will remain in this range.

Consider forecaster #472. Throughout most of the period 2000-2006, this person concentrated all of

his probability mass for future in�ation in the range 1-3 percent. There were only two minor exceptions.

In the period 2000-2003, he sometimes placed small probability on the event that future in�ation would

be in the range 0-1 percent. During part of the year 2006, he placed high probability on the event that

in�ation in 2006 would be in the range 3-4 percent. However, even in this period, he believed that any rise

in the in�ation rate would be temporary. His �ve-quarter to eight-quarter ahead forecasts in 2006 were that

in�ation in 2007 would certainly be in the range 1-3 percent.

Forecaster #483 plainly is much less sure that in�ation will remain in the range 1-3 percent. Of the 43

forecasts that he made in the period 2000-2006, in only 10 cases did he place more than 60 percent chance

on in�ation being in this range. He regularly placed moderate probability on the event that the in�ation

rate would be above 4 percent.

12We are grateful to Matthew Shapiro for his insights on this subject.
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Table 3: Probabilistic Forecasts of Persistently Certain and Uncertain Forecasters

Year
Median IQR Median IQR

2000 8 10% 70% 20% 1.57% 0.71% 5% 25% 35% 20% 10% 3% 2% 1.57% 1.70%
2000 7 0% 90% 10% 1.56% 0.56%
2000 6 5% 80% 15% 1.56% 0.63%
2000 5 20% 65% 15% 1.46% 0.77% 15% 60% 15% 5% 3% 2% 1.58% 0.83%
2000 4 55% 45% 1.91% 0.99%
2000 3 30% 70% 2.29% 0.81% 3% 15% 40% 25% 7% 5% 3% 2% 2.80% 1.51%
2000 2 0% 100% 2.50% 0.50%
2000 1 35% 50% 15% 2.30% 1.09%
2001 8 55% 45% 1.91% 0.99%
2001 7 5% 70% 25% 1.64% 0.71% 5% 10% 25% 20% 12% 10% 7% 6% 5% 3.50% 2.90%
2001 6 40% 60% 2.17% 0.96%
2001 5 5% 10% 25% 20% 12% 10% 7% 6% 5% 3.50% 2.90%
2001 4 5% 80% 15% 1.56% 0.63% 5% 10% 25% 20% 12% 10% 7% 6% 5% 3.50% 2.90%
2001 3 35% 65% 2.23% 0.90%
2001 2 5% 10% 35% 24% 20% 5% 1% 3.00% 1.76%
2001 1 10% 90% 2.44% 0.56%
2002 8 70% 30% 1.71% 0.81% 5% 10% 25% 20% 12% 10% 7% 6% 5% 3.50% 2.90%
2002 7 50% 50% 2.00% 1.00%
2002 6 7% 20% 30% 15% 8% 7% 6% 5% 2% 2.77% 2.48%
2002 5 5% 80% 15% 1.56% 0.63%
2002 4 1% 15% 30% 20% 15% 10% 5% 2% 1% 1% 2.20% 2.30%
2002 3 20% 80% 1.38% 0.63% 1% 15% 30% 20% 15% 10% 5% 2% 1% 1% 2.20% 2.30%
2002 2 1% 18% 50% 15% 12% 4% 1.62% 1.28%
2002 1 5% 95% 1.47% 0.53%
2003 8 1% 7% 20% 30% 14% 8% 7% 6% 5% 2% 2.73% 2.53%
2003 7 10% 70% 20% 1.57% 0.71% 1% 7% 28% 22% 14% 8% 7% 6% 5% 2% 2.64% 2.77%
2003 6 1% 15% 34% 18% 10% 8% 6% 4% 3% 1% 2.00% 2.44%
2003 5 15% 80% 5% 1.44% 0.63%
2003 4 1% 18% 35% 20% 17% 5% 4% 1.89% 1.89%
2003 3 1% 16% 40% 25% 15% 2% 1% 1.83% 1.52%
2003 2 1% 16% 40% 25% 15% 2% 1% 1.83% 1.52%
2003 1 100% 1.50% 0.50%
2004 8 1% 15% 34% 18% 10% 8% 6% 4% 3% 1% 2.00% 2.44%
2004 7 4% 15% 34% 18% 10% 8% 5% 3% 2% 1% 1.91% 2.22%
2004 6 4% 15% 34% 18% 10% 8% 5% 3% 2% 1% 1.91% 2.22%
2004 5 90% 10% 1.56% 0.56%
2004 4 15% 60% 15% 10% 1.58% 0.83%
2004 3 10% 90% 2.44% 0.56% 15% 30% 40% 10% 5% 2.13% 1.42%
2004 2 10% 20% 40% 25% 5% 2.50% 1.45%
2004 1 10% 90% 2.44% 0.56% 5% 10% 70% 15% 2.50% 0.71%
2005 8 4% 15% 34% 18% 10% 8% 5% 3% 2% 1% 1.91% 2.22%
2005 7 25% 75% 2.33% 0.67% 1% 5% 20% 35% 20% 8% 5% 3% 2% 1% 2.69% 1.75%
2005 6 1% 1% 17% 35% 25% 10% 5% 3% 2% 1% 2.89% 1.67%
2005 5 75% 25% 1.67% 0.67% 1% 1% 17% 35% 25% 10% 5% 3% 2% 1% 2.89% 1.67%
2005 4 95% 5% 1.53% 0.53% 5% 15% 40% 15% 12% 8% 5% 2.75% 1.88%
2005 3 30% 70% 2.29% 0.81% 5% 16% 50% 15% 8% 5% 1% 2.58% 1.19%
2005 2 1% 98% 1% 2.50% 0.51% 5% 15% 55% 15% 10% 2.55% 0.91%
2005 1 100% 2.50% 0.50% 15% 80% 5% 2.44% 0.63%
2006 8 95% 5% 1.53% 0.53% 1% 1% 17% 35% 25% 10% 5% 3% 2% 1% 2.89% 1.67%
2006 7 45% 55% 2.09% 0.99% 1% 1% 17% 35% 25% 10% 5% 3% 2% 1% 2.89% 1.67%
2006 6 10% 90% 2.44% 0.56% 1% 1% 17% 35% 25% 10% 5% 3% 2% 1% 2.89% 1.67%
2006 5 50% 50% 2.00% 1.00% 1% 1% 17% 35% 25% 10% 5% 3% 2% 1% 2.89% 1.67%
2006 4 95% 5% 2.53% 0.53% 5% 12% 20% 25% 15% 12% 5% 3% 3% 3.52% 2.47%
2006 3 5% 95% 3.47% 0.53% 5% 12% 20% 25% 15% 12% 5% 3% 3% 3.52% 2.47%
2006 2 15% 85% 3.41% 0.59% 5% 12% 20% 29% 15% 8% 5% 3% 3% 3.45% 2.20%
2006 1 70% 30% 2.71% 0.81% 5% 12% 20% 25% 15% 12% 5% 3% 3% 3.52% 2.47%

Table 1  Probabilistic Forecasts of Perpetually Certain and Uncertain Forecasters (INFLATION)
Quarters
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4.2 Analysis of Aggregated Predictions: The Problem of Temporal Variation
in Panel Composition

The only downside to tracking individual forecasters as in Table 3 is that the data are too rich to assimilate

with ease. As shown earlier in Table 1, a total of 140 forecasters were members of the panel during some

part of the period 1992-2006, with an average of 33.7 participating per survey. Tracking so many separate

time paths is burdensome. Hence, it has been common to report the time series of statistics that aggregate

forecasts across the SPF panel. Unfortunately, this is not straightforward to do.

Viewing Figure 1, one almost immediately wants to scan the ten plots and draw conclusions about the

time-series variation in SPF in�ation expectations from 1997 to 2006. A particularly simple summary of the

time-series is given by scanning the vertical and horizontal lines in the plots, which show how the subjective

median and IQR of the "median forecaster" evolve over the sample period.

The "median forecaster" time series in Figure 1 would be interpretable if the SPF panel were a �xed group

of forecasters, who provide data in all surveys. However, the composition of the panel varies considerably

over time. It varies from quarter to quarter because panel members often do not provide their requested

forecasts. For example, the two forecasters considered in Table 3 respectively did not provide 18 and 14 of

the 56 forecasts requested in the period 2000-2006. The panel composition varies over the longer run when

some forecasters leave the panel permanently and others are added.

Figure 2 shows the number of forecasters who participated in the SPF in each of the �fty-six quarterly

surveys of our sample period, and the numbers of forecasters who "dropped in" and "dropped out" each

quarter. We say that a forecaster has dropped in if he participates in the current survey but did not

participate four quarters ago. A forecaster has dropped out if he does not participate in the current survey

but participated four quarters ago. The data in the �gure show that, on average, 9.8 forecasters drop into

the survey each quarter and 8.9 forecasters drop out.13 On average, 33.7 forecasters participate in the

survey. Thus, there is substantial change in panel composition across surveys.

13Average dropins exceed average dropouts because the size of the SPF panel jumped sharply in early 2005 and remained at
this higher level throughout 2005 and 2006.
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Figure 3: Forecaster Participation in the SPF

Figure 3 plots forecaster participation over our sample. "Dropped In" plots the number of forecasters who participated in the

current survey but not in the survey four quarters ago. "Dropped Out" plots the number of forecasters who participated four

quarters ago but did not participate in current survey.

Another perspective on the time series of panel composition is obtained by taking the individual forecaster

as the unit of observation and computing transition probabilities for survey participation within the period

when the forecaster is a panel member. For these computations, we de�ne a forecaster�s period of panel

membership to begin with the �rst quarter in which he participates in the survey and end with the last

quarter of participation. Let y(t) = 1 if a panel member participates in the survey at quarter t and y(t) =

0 otherwise. Aggregating across all SPF forecasters and all quarters in which they were panel members, we

�nd that panel members who participate in one survey are much more likely to participate in later surveys.

However, the transition probabilities are distant from zero and one in all cases. In particular, we �nd these

transition probabilities for participation in the next quarter�s survey and in the survey four quarters later,

conditional on participation status at quarter t:

P [y(t+ 1) = 1jy(t) = 1] = 0:83; P [y(t+ 4) = 1jy(t) = 1] = 0:83;

P [y(t+ 1) = 1jy(t) = 0] = 0:50; P [y(t+ 4) = 1jy(t) = 0] = 0:46:

The constantly changing composition of the SPF panel would not be problematic for aggregate time-series

analysis if it were credible to assume that (a) the Philadelphia Fed e¤ectively draws new panel members at

random from some population of potential forecasters and (b) forecasters who join the panel miss surveys

and leave the panel at random, in the sense that in�ation expectations are statistically independent of

participation in the panel. Given these assumptions, the forecasts that are observed each survey are a

random sample of the potential forecasts for that survey. Hence, time-series analysis of the SPF data is a

well-de�ned problem in statistical inference.
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Unfortunately, we are aware of no foundation for assumptions (a) and (b). The available documentation

on the SPF does not explain how the Philadelphia Fed draws new panel members. We have discussed

the matter with Fed sta¤, and have obtained the impression that the selection process somehow reconciles

the subjective views of Fed sta¤ on the suitability of persons for panel membership with the willingness of

persons to serve on the panel. Each quarter the Fed sends the survey to the panel members and records the

responses of those who send the survey back. Neither we nor the Fed are aware of why some forecasters do

not respond, although those who administer the survey speculate that reasons include workload and vacation.

When the panel size becomes small, the Fed actively recruits new members by sending out invitations to

forecasters identi�ed in professional directories and elsewhere. This presumably explains why spikes in

participation occur in Figure 2 at 2Q1995 and 2Q2005.

In the absence of knowledge of the process that generates participation in the SPF, we recommend

that researchers refrain from using the time series of the plots in Figure 1, or derived measures such as the

expectations of the "median forecaster," to draw conclusions about the evolution of forecasters�expectations.

Such time series con�ate changes in the expectations of individual forecasters with changes in the composition

of the SPF panel. Knowledge of the forecaster participation process is necessary to disentangle the two

factors.

The persistent heterogeneity of SPF forecasters documented in Section 3 makes changing panel compo-

sition particularly problematic for aggregate time series analysis of the SPF data. Over time, relatively

con�dent forecasters may be replaced by relatively cautious ones, or vice versa. Forecasters with relatively

high in�ation expectations may be replaced by ones with relatively low expectations, or vice versa. Without

knowledge of whether these changes in panel composition occur randomly or systematically, interpretation

of the aggregate time series is not possible.

The underlying di¢ culty is that the changing composition of the SPF panel creates a problem of partial

identi�cation due to missing data. In the absence of knowledge of the forecaster participation process, it is

only possible to bound the distribution of in�ation expectations within the panel at a given point in time.

Similarly, it is only possible to bound the distribution of changes in expectations over time. See Horowitz

and Manski (1998) and Manski (2007) for analysis giving the speci�c form of the bounds.

Importantly, the bounds increase in width with the prevalence of missing data. The constantly

changing composition of the SPF panel implies that a large fraction of the relevant data are typically

missing. Hence, the bounds are quite wide.

4.3 Aggregate Analysis of Sub-Panels of Fixed Composition

Although we think that the most appropriate way to use the SPF data is to study the predictions of individual

forecasters, we expect that there will remain demand for some form of aggregate analysis, if only to simplify

the presentation of �ndings. If aggregate analysis is to be undertaken, we strongly urge that it recognize

the problem of changing panel composition. Ignoring the problem, as has been the traditional practice, will
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not do.

Various possibilities open up if one �nds it credible to assume that SPF panel members are drawn at

random from a stable population of potential forecasters and that forecasters who join the panel miss surveys

and leave the panel at random. One may then apply available approaches for statistical analysis of panel

data. For example, Keane and Runkle (1990), Davies and Lahiri (1995, 1999) and Rich and Tracy (2003)

estimate regression models with forecaster �xed e¤ects. Such �xed e¤ects could be used to predict how

forecasters who miss some surveys would have responded had they participated. We do not pursue this idea

here because, as discussed earlier, we lack the requisite knowledge of the process that generates participation

in the SPF.

In the absence of knowledge of the participation process, we recommend modest forms of analysis that

focus attention on sub-panels of �xed composition. We limit attention here to inference on the change in

aggregated predictions across two time periods. In this context, the simplest sub-panel of �xed composition

is the group of forecasters who participate in both surveys. We earlier considered such a sub-panel in

Figure 2, which displayed the expectations of individual forecasters before and after certain events. A larger

sub-panel of �xed composition is the group of forecasters who participate in at least one of the two surveys.

This group includes forecasters with missing data on one survey.

For simplicity, in this section we restrict attention to the four quarter ahead forecasts. Let Nt(1; 1)

denote the group of forecasters who respond to the SPF at times t and t + 1, let Nt(1; 0) be those who

respond at time t but not t + 1, and let Nt(0; 1) denote those who respond at t + 1 but not t. One �xed

group of interest isNtI � Nt(1; 1), the intersection (I) of the forecasters who participate at times t and t+1.

Another is NtU � Nt(1; 1) [Nt(1; 0) [Nt(0; 1) , the union (U) of the forecasters who participate in both

surveys. Let yti denote a prediction of interest, say the subjective median or IQR that forecaster i holds

for future in�ation at time t. We observe (yti; y(t+1)i) for i 2 N(1; 1), yti for i 2 N(1; 0), and y(t+1)i for

i 2 N(0; 1).

A well-speci�ed aggregate analysis considers some parameter of the cross-sectional distribution of y and

asks how this parameter changes over time within a group of �xed composition. For concreteness, let the

parameter of interest be the cross-sectional median of y; that is, the response of the "median forecaster."

Then one well-speci�ed object of interest is �tI � med(y(t+1)ji 2 NtI) � med(ytji 2 NtI) and another is

�tU � med(y(t+1)ji 2 NtU ) �med(ytji 2 NtU ). In contrast, traditional analysis of aggregated predictions

presents �ndings on the ill-speci�ed composite (C) quantity �tC � med[y(t+1)ji 2 NtI [N(0; 1)]�med[ytji 2

NtI [N(1; 0)], which compares two distinct groups of forecasters.

The SPF data directly reveal �tI and �tC . Figure 4 plots the values when t is the �rst quarter of the

past year, t+1 is the �rst quarter of the current year, and y is the subjective median or IQR for in�ation in

the current year. The x-axis of the �gure gives the years t+1 and the y-axis gives the corresponding values

of �. The �gure shows that the time series for �tI and �tC are almost identical when y is the subjective

median for future in�ation. However, they noticeably diverge in some years when y is the subjective IQR. In
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particular, the �tI plot indicates that subjective uncertainty about future in�ation decreased in the periods

1998-1999 and 2001-2002, while the �tC plot indicates that it increased in these periods.

Figure 4: Compositional E¤ects on Changes in Subjective Median
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The SPF data do not directly reveal �tU , whose value depends in part on missing values of y. However,

we can bound �tU if we �nd it credible to assume that the unobserved values of y must lie in some range.

See Manski (2007, Chapter 2) for extensive discussion of this type of analysis of missing data.

There are various possibilities for speci�cation of the range. In the SPF context, we �nd it attractive to

directly bound the temporal changes y(t+1)i � yti and then use this bound to derive a bound on unobserved

values of y. This approach is attractive because we have in Section 3 documented strong persistence of

heterogeneity of expectations across the SPF forecasters. Hence, it is reasonable to think that the temporal

changes y(t+1)i � yti tend not to be too large.

Thus, let us assume that KtL � y(t+1)i � yti � KtU for some lower and upper bounds KtL and KtU .

In the case of persons in Nt(1; 0), this implies that the unobserved y(t+1)i lies in the range yti + KtL �

y(t+1)i � yti +KtU . In the case of persons in Nt(0; 1), this implies that the unobserved yti lies in the range

y(t+1)i � KtU � yti � y(t+1)i � KtL. We think that a reasonable way to specify KtL and KtU , although

certainly not the only sensible possibility, is to assume that unobserved changes in expectations are no larger

than the largest observed changes. Thus, we set

KtL = [min(y(t+1)i � yti); i 2 Nt(1; 1)] and KtU = [max(y(t+1)i � yti); i 2 Nt(1; 1)]:

These assumptions yield lower and upper bounds on y(t+1)i for all members of Nt(1; 0) and similarly

yield bounds on yti for all members of Nt(0; 1). These bounds in turn yield bounds on �tU . The upper

bound on �tU is obtained by setting y(t+1)i at its upper bound for all members of Nt(1; 0) and by setting

yti at its lower bound for all members of Nt(0; 1). The lower bound is similarly obtained by taking lower

and upper bounds respectively.

Figure 5 plots �tC and the bound on �tU . Observe that the bound on �tU uniformly covers the plot

for �tC : This is an empirical �nding, not a logical necessity. In general, �tC need not lie within our bound

on �tU .
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Figure 5: Bounds on Changes in Subjective Median
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In the top panels of Figures 4 and 5, we plotted �tL, �tC , and bounds for �tU , where these measures

were computed by letting yti equal the sample�s subjective median. We chose to let yti represent forecaster

i�s subjective medians (rather than his point forecast) because unlike i�s point forecasts, i�s subjective median
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is well-de�ned. See Engelberg, Manski, and Williams (2009) for an analysis of how SPF forecasters�point

forecasts are related to their subjective medians and other measures of central tendency from the forecasters�

subjective probability distributions.

Even though we prefer subjective medians to point forecasts, SPF forecasters�point forecasts still receive

more attention than the measures of central tendency from their subjective probability distributions. We

therefore produce new plots for �tL, �tC , and bounds for �tU when yti is de�ned to be forecaster i�s point

forecast. See Appendix A for these plots.

5 Conclusion

Surveys of professional forecasters are well-cited, important inputs for regulators and �nancial markets.

Changes in expectations elicited via survey can have important policy implications and a¤ect prices in asset

markets. Given the in�uence such surveys have it is important that we correctly infer changes in expectations

from survey data.

This paper has called attention to the problem of changing panel composition in surveys of forecasters,

has documented the extent of the problem in the Survey of Professional Forecasters, and has recommended

new ways to report and study the SPF data. To study the temporal variation of forecasts, we think that it

is most informative to examine the time-series of predictions made by individual forecasters, using plots like

Figure 2 and presentations like Table 3. This makes transparent the heterogeneity of the SPF panel and

avoids improper inferences due to changing panel composition. Should analysis of aggregated predictions be

thought desirable as a simplifying device, we recommend modest analyses of sub-panels of �xed composition.

We warn against the traditional practice of aggregate time-series analysis, which con�ates changes in the

expectations of individual forecasters with changes in the composition of the SPF panel.

Readers may have noticed that this paper reports no formal statistical analysis of the SPF data. This

is because we lack the requisite knowledge of the sampling process recruiting forecasters into the panel

and of the participation process among those who join. We could have performed statistical analyses

under conventional assumptions of random sampling from a stable population of forecasters and random

absence of forecasters following recruitment into the panel. However, we have found no foundation for these

assumptions. Hence, we think that conventional statistical analysis is meaningless in this context.

Although we have focused attention on the SPF, we reiterate that the themes developed here apply equally

well to other panels of forecasters. In Section 4.2, we showed that on average, 83% of the SPF forecasters

who participate one quarter participate again four quarters later. This change in panel composition is not

unique to the SPF. In the CESifo World Economic Survey, the corresponding retention rate is 85-90%. For

the CBI SME (small and medium enterprises) survey, we do not know the typical turnover, but for the

January, April, and July 2009 surveys, only 26% of the forecasters who participated in at least one of the

surveys participated in all three rounds, 32% participated in two of the three rounds, and 42% participated

in just one of the three rounds. In the Duke/CFO Magazine Global Business Outlook Survey, turnover is
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not tracked because the IDs of the respondents is anonymous, even to the conductors of the survey.

Hence, the methods we propose for dealing with the SPF data are relevant for other prominent surveys

as well. Changing panel composition is a pervasive problem in surveys of professional forecasters. So is

lack of knowledge of the participation process. The SPF is not exceptional in either respect.

6 Appendix

Figure A.1: Compositional E¤ects on Changes in Median Point Forecast
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Figure A.2: Bounds on Changes in Median Point Forecast
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