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Abstract

Histogram forecasts of inflation and growth from the US Survey of Professional Fore-
casters (SPF) allow for an assessment of the evolution of forecast uncertainty. However,
this assessment is complicated by structural breaks in measured uncertainty arising from
changes in histogram bin widths over time. The existing literature typically does not
take these breaks into account. We propose a break adjustment based on the insights
provided by a structural break in 2014, during which bin widths—and consequently,
measured inflation uncertainty—shifted significantly, despite true inflation uncertainty
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lying uncertainty.
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1 Introduction

The insights of Bloom (2009), together with the Global Financial Crisis, sparked a strong

interest in the effects of changes in uncertainty on economic developments. The first challenge

for corresponding investigations is measurement. Therefore, many uncertainty measures

have been proposed in recent years, with those of Baker et al. (2016) and Jurado et al.

(2015) being popular examples. In their comprehensive review article, Cascaldi-Garcia et al.

(2021) distinguish between news-based (e.g. Baker et al., 2016), survey-based (Binder, 2017),

econometric-based (e.g. Jurado et al., 2015), and market-based (e.g., the CBOE Volatility

Index, VIX) measures.

In our study, we investigate the survey-based uncertainty measure of the US Survey of

Professional Forecasters (US SPF). This survey asks respondents to assign probabilities to

mutually exclusive future events, resulting in histogram forecasts. Since the forecast targets

are continuous variables, these events are given by their realizations in certain intervals.

Many other surveys, like the SPF of the European Central Bank (ECB), the New York Fed’s

Survey of Consumer Expectations, the Deutsche Bundesbank Online Panel - Households,

and the ECB’s Consumer Expectations Survey adopt the same approach.

When histogram forecasts are available, measures of average uncertainty can be con-

structed in two different ways. As pointed out by Clements (2014), one can first calculate an

average histogram across respondents and then gauge this histogram’s dispersion. Alterna-

tively, one can first estimate the dispersion of each respondent’s histogram and then average

across these dispersions. We use the terminology by Clements et al. (2023) of referring to

the latter measure as aggregate uncertainty, while the former measure corresponds to the

uncertainty of the aggregate histogram forecast. Like most of the literature, we will investi-

gate aggregate uncertainty, but our insights are relevant for the uncertainty of the aggregate

histogram forecast as well, because aggregate uncertainty is one of its two drivers.1

Our study focuses on how breaks in the survey design hamper the analysis of aggregate

uncertainty. It turns out that changes in the bin widths, which occurred several times

since the start of the SPF, have quantitatively important, permanent effects on measured

uncertainty. We propose a break adjustment designed for changes in bin widths to overcome

this problem. In addition, we use these insights to propose bin widths that would lead to

levels of aggregate uncertainty that, on average, are approximately consistent with the true

underlying uncertainty. These bin widths depend on the respective forecast horizon.

Few studies have investigated the implications of changes in the bin definitions of his-

togram forecasts. In a study on the relation between rounding behavior of survey participants

and measured uncertainty, Glas and Hartmann (2022) note that, after the halving of the US

SPF’s bin widths for inflation in 2014, the number of bins with non-zero probabilities as-

signed by the respondents increased from 4 to 5 bins on average, instead of an increase from

4 to 8 bins. The halving of the bin widths thus led to a strong decrease in measured un-

1If dispersion is measured by the variance, and if the true means and variances of the underlying distri-
butions can be inferred from the histograms, it is well known (see, e.g., Wallis, 2005) that the uncertainty of
the aggregate histogram forecast equals the sum of the aggregate uncertainty and a term called disagreement,
which is defined as the cross-sectional variance of the respondents’ mean forecasts.
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certainty. However, to the best of our knowledge, this fact has hardly been discussed in the

literature. Virtually all studies implicitly assume that professional forecasters have a forecast

probability distribution in mind and that they simply map this distribution to the histogram

bins. However, since the bin width has a strong effect on measured uncertainty, the con-

clusions of such US SPF-based studies might often be spurious. For instance, discussions

of over- or underconfidence of forecasters, as done in Lichtendahl et al. (2013), Clements

(2014), or Broer and Kohlhas (2024, Table III) rely on measured uncertainty. Any analysis

involving the forecast accuracy of the histogram forecasts as found in Ganics et al. (2024),

Diebold et al. (1999), Clements (2018), or Clark et al. (2022) is likewise influenced by the

bin widths used in the samples under study. Finally, the results of analyses of uncertainty

like Giordani and Söderlind (2003), Lahiri and Sheng (2010), and Rich and Tracy (2010)

also depend on the bin widths in the US SPF data employed. In contrast to studies rely-

ing on professional forecasters, studies based on consumer surveys have already started to

investigate the relation between bin definitions and measured uncertainty (see Becker et al.

2023) and to propose alternatives to histogram forecasts (see Goldfayn-Frank et al. 2025).

An alternative in the context of firm surveys can be found in Altig et al. (2022).

Only a few studies of the US SPF attempt to provide results that are robust concerning

changes in the bin widths. For instance, Engelberg et al. (2009) focus on a subsample

without changes in the survey design. This approach would now be more difficult to justify

because such subsamples have become very short compared to the full sample. Liu and

Sheng (2019) regress the panel of individual uncertainty measures of US SPF participants

on, inter alia, dummies controlling for different survey structures and use the residual as

an uncertainty measure. This approach would be valid if the true uncertainty is constant

across the subsamples corresponding to the different survey structures. Yet, this assumption

is unlikely to have been satisfied at least since the COVID-19 pandemic.2 Rich and Tracy

(2010) use the widest bins for the subsample(s) with narrower bins, such that each newly

defined wide bin is assigned the sum of the probabilities of the corresponding narrower

bins it contains. This approach would be valid if each respondent always tried to map

her subjective probability distribution to the histogram as precisely as possible, irrespective

of the bin width, such that wider bins only imply a loss of information.3 Moreover, this

approach cannot be applied to GDP growth anymore because of the extreme changes in bin

widths during the COVID-19 pandemic.

Section 2 describes the US SPF data, the uncertainty measures, and the structural

breaks. Break-adjusted uncertainty measures are constructed in Section 3. Section 4 pro-

poses horizon-specific bin widths aligning measured uncertainty with the true underlying

uncertainty. Section 5 concludes.

2Due to Liu and Sheng’s (2019) measure being a residual, its level does not contain information about the
level of specific measures of uncertainty expected by a participant, like, for instance, her expected squared
forecast error. Therefore, the level of this ex ante measure of uncertainty cannot be compared to any other
measures, like, for instance, the calibration uncertainty employed in Section 4.

3Conflating narrow bins to obtain wide bins will likely affect the measured uncertainty. Yet, Lahiri and
Wang (2020) only find minor effects of this kind for the US SPF.
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Table 1: Sample dates and numbers of forecasters

variable begin sample end sample min average max

current year

GDP deflator growth 1981q3 2025q1 7 32 51
real GDP growth 1981q3 2025q1 7 33 52
core CPI inflation 2007q1 2025q1 24 34 43
core PCE inflation 2007q1 2025q1 24 32 40

next year

GDP deflator growth 1981q3 2025q1 7 32 50
real GDP growth 1981q3 2025q1 7 32 50
core CPI inflation 2007q1 2025q1 24 33 43
core PCE inflation 2007q1 2025q1 24 31 39

Note: Min, max and average denote the minimum, maximum and average number of fore-
casters per quarter over the sample period. The number of forecasters increased noticeably
after the Federal Reserve Bank of Philadelphia took over the survey in 1990q2. current year
and next year refer to the forecast horizon.

2 US SPF uncertainty and changes in survey design

2.1 Determining US SPF uncertainty

The US SPF is a quarterly survey released about two weeks after the first GDP release pro-

duced by the U.S. Bureau of Economic Analysis (BEA). Initially, the SPF was conducted by

the American Statistical Association (ASA) together with the National Bureau of Economic

Research (NBER), until the Philadelphia Fed took over in 1990q2 (see also Croushore and

Stark, 2019, for a more detailed overview). The panellists, who usually work in forecasting

firms, banks, and other financial institutions or academics, provide a large set of point pre-

dictions for, among many other variables, GDP deflator growth and real GDP growth.4 For

both variables and for core CPI and core PCE inflation, probabilistic forecasts are submitted

as well. That is, the forecasters provide probabilities that the corresponding variable will

realize within several pre-defined ranges (i.e., within certain bins of a histogram).

While some of the series date back to the late 1960s, the survey was continuously ex-

panded, and variables were added over the years. Generally, panellists issue forecasts for the

current and next four quarters, as well as the current and next year, but also for longer hori-

zons. The earliest observations in our sample date from 1981q3, when the forecast horizon

‘next year’ was first included for the variables of interest. In 1985q1 and 1986q1, the forecast

horizons are not clear, so we exclude those surveys from our dataset.5

Given a histogram for a continuous variable, uncertainty can be measured in different

ways. Often, a smooth underlying probability distribution is assumed, and the parameters of

this distribution are backed out from the histograms. Popular distributions for this purpose

4For an exhaustive list of all variables and forecasts provided, see https://www.philadelphiafed.org/-/
media/frbp/assets/surveys-and-data/survey-of-professional-forecasters/spf-documentation.pdf

5See statement on p.37 in https://www.philadelphiafed.org/-/media/frbp/assets/surveys-and-dat

a/survey-of-professional-forecasters/spf-documentation.pdf
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include the generalized Beta distribution (e.g., in Engelberg et al., 2009) and the normal

distribution (e.g., in Giordani and Söderlind, 2003), for which dispersion measures are easy

to calculate. Sometimes, instead of using a smooth distribution, it is assumed that the distri-

bution is discrete with a point mass at the middle of each histogram bin (mass-at-midpoint

approach, e.g., in Glas and Hartmann, 2022), which allows a straightforward calculation of

the variance, for instance. Finally, a distribution-free approach to measure uncertainty based

on entropy is proposed by Rich and Tracy (2010) and Krüger and Pavlova (2024).

The variance will be our preferred measure for uncertainty, because the true value of

this uncertainty can be unbiasedly estimated ex post using the squared error of the mean

forecast. To compute the variance from the individual histograms, we fit a distribution to

the reported empirical probabilities, where the choice of the latter depends on the number

of bins with strictly positive probability. For sparse histograms, i.e. if the forecaster uses

only one or two bins, we assume a symmetric triangular distribution following Engelberg

et al. (2009). That is, in the case where all the probability mass is assigned to a single bin,

the support of the triangle is equivalent to the range of the corresponding interval. We only

consider two-bin histograms with probabilities assigned to adjacent bins. In the simplest

case, where the forecaster uses two bins of equal width and equal probabilities, the support

of the isosceles triangle covers the entirety of both bins. In all other instances, one can pin

either the left or right endpoint of the support, depending on which interval is deemed more

probable by the respondent. Additionally, in the two-bin case, we account for the possibility

that the intervals have different widths, as described in greater detail in Appendix A.

When the forecaster uses three or more intervals, we choose the normal distribution

because we are interested in first and second moments only, and the assumption of a normal

distribution makes backing out parameters a robust procedure. We choose the mean µ and

the variance σ2 such that the average squared difference between the empirical probability

mass function (PMF) and the corresponding PMF implied by the normal distribution is

minimized, see Appendix A for details. We use different sets of starting values for each

optimization and, among the solutions, select the resulting set of µ and σ2 yielding the

lowest average squared difference. In all instances with positive probability allocated to

open-ended intervals, following Andrade et al. (2012) and Abel et al. (2016), we assume that

the open interval has twice the width of the adjacent closed interval.

This procedure is applied to all individual histograms from the US SPF for the variables

GDP deflator growth, real GDP growth, core CPI, and core PCE inflation for two forecast

horizons - current and next year. The sample for GDP deflator growth and real GDP growth

covers the period 1981q3 to 2025q1, and the sample for core CPI and core PCE inflation

covers the period 2007q1 to 2025q1.6 Table 1 provides an overview of the sample details.

These forecasts are fixed-event forecasts. That is, in each survey round within a calendar

year, the probability assessments refer to the annual-average over annual-average percent

6We do not exclude forecasters who only submit a subset of the histograms. For instance, if a forecaster only
provides a histogram forecast for current-year real GDP growth, that histogram is included in our analysis.
Thus, from all available histograms, only the two-bin histograms with positive probabilities in non-adjacent
bins are excluded from the sample, as mentioned above.
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change in the level of the GDP deflator (for GDP deflator growth) and of real GDP (for

real GDP growth). For core CPI and core PCE inflation, the reported probabilities consider

the fourth-quarter over fourth-quarter percentage change in the level of the core CPI (PCE)

index. Hence, the forecasts for these growth rates are fixed-event forecasts as well. In all

cases, respondents provide forecasts for the current year, i.e., the year when the survey is

conducted, and the subsequent year, such that with each survey round within a given year,

the forecast horizon declines.

Denoting the uncertainty forecast for variable z made in year t and quarter i for the year

t+ j by forecaster n by σz
n;j|t,i, the aggregate uncertainty in that quarter equals

σz
j|t,i =

√√√√ 1

Nt,i

Nt,i∑
n=1

(
σz
n;j|t,i

)2
(1)

with j = 0, 1 denoting the forecast horizon in years (i.e. 0 for the current year, 1 for the

next year) and Nt,i denoting the number of forecasters in year t and quarter i.7 We employ

the square root of the average variance rather than the average variance itself, because large

values of the average variance in periods like 2020q2, when the COVID-19 pandemic started,

can otherwise dominate the scale of figures and obscure variations within the typical range.

The resulting time series of aggregate uncertainty for GDP deflator growth and for real

GDP growth are shown in Figure 1. One can see four large changes in uncertainty. For GDP

deflator growth, uncertainty dropped markedly in 1992q1 and 2014q1. For real GDP growth,

uncertainty dropped noticeably in 1992q1 and increased strongly in 2020q2. All these dates

coincide with changes in the bin width of the US SPF’s histograms.

1985 1990 1995 2000 2005 2010 2015 2020 2025
0

0.5

1

1.5

PGDP growth uncertainty

current year
next year

1985 1990 1995 2000 2005 2010 2015 2020 2025
0

0.5

1

1.5

2

2.5

3

RGDP growth uncertainty

current year
next year

Figure 1: Aggregate uncertainty of GDP deflator growth (left panel) and real GDP growth
(right panel) concerning the current and the next year. Uncertainty is measured as defined in
(1). The red vertical lines indicate dates with changes in bin widths. Shaded areas indicate
recessions as dated by the NBER.

7There are rare cases where forecasters only produce histograms for one forecast horizon, such that N also
depends on j. For notational convenience, we neglect these cases here.
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Figure 2: Current-year GDP deflator (left panel) and real GDP (right panel) growth forecasts
(averages of means of individual histograms) together with histogram bins over time. Black
dashed lines mark periods with changes in the bin definitions. Bin definitions of US SPF
are identical for current- and next-year forecasts. Graph is based on presentation slides for
study of Clark et al. (2022).

In 1992q1, the bin width for GDP deflator growth and real GDP growth declined from

2 percentage points (pp) to 1 pp. In 2014q1, the bin width for GDP deflator growth halved

again, reaching 0.5 pp. In 2020q2, the bin widths for real GDP growth became larger and

heterogenous. Only the central bin remained at a width of 1 pp, while the adjacent bins had

1.5 pp. The bin widths further increased with their distance from the central bin, reaching

6 pp for the widest of the closed bins. In 2024q2, the width of most bins was halved, but

the width of the three central bins remained unchanged. Figure 2 shows how the bin widths

and the number of bins changed over time.

The halving of bin widths in 1992q1 was most likely related to the reduced volatility

of these variables after the onset of the Great Moderation in the mid-1980s (cf. McConnell

and Perez-Quiros, 2000). The increase in the bin widths for real GDP growth in 2020q2

was supposed to accommodate the large swings in growth due to the starts and ends of

lockdowns during the COVID-19 pandemic. Their decrease in 2024q2 was likely due to the

confidence that growth volatility had attained lower levels by then. The second halving of

bin widths for GDP deflator growth in 2014q1 was probably again due to the low volatility

of this variable in previous years.

2.2 The break in measured GDP deflator growth uncertainty in 2014

In what follows, we will try to assess whether and how a change in bin widths might affect

the measured uncertainty of professional forecasters. Based on the available data, we will

not be able to investigate if a change in the number of bins also has an impact on measured

uncertainty. Therefore, we have to maintain the assumption that a change in the number

of bins, ceteris paribus, leaves measured uncertainty unaffected for professional forecasters.
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Figure 3: Aggregate uncertainty of core CPI inflation (left panel) and core PCE inflation
(right panel) concerning the current and the next year. Uncertainty is measured by the
standard deviation and averaged over forecasts for each survey round. The red vertical line
indicates the date with change in bin width for GDP deflator growth. Shaded areas indicate
recessions as dated by the NBER.

Our analysis focuses on three measures of inflation: GDP deflator growth, core CPI inflation,

and core PCE inflation. The aim of our analysis is to demonstrate that the change in the

bin width of GDP deflator inflation histograms in 2014 is the most likely explanation for the

observed shift in measured uncertainty for this variable.

Breaks in inflation uncertainty from 2007 to 2025

As mentioned above, since 2007q1 the US SPF has also elicited histogram forecasts for core

PCE inflation and core CPI inflation. No change in bin widths occurred for these variables

in the sample period under study. As shown in Figure 3, the uncertainty concerning these

inflation measures appears to be relatively stable around 2014q1.8 Moreover, the evolution

of realized quarterly inflation rates as displayed in Figure 4 does not indicate any major

changes in the volatility of GDP deflator growth around the year 2014, and the same holds

for core CPI inflation and core PCE inflation.

We investigate potential structural breaks in aggregate inflation uncertainty using the

approach of Bai and Perron (1998, 2003). As a first step, we obtain seasonally-adjusted

series by using the residuals of a regression with quarterly dummy variables. Denoting the

uncertainty forecast for inflation measure π made in year t and quarter i for the year t + j

by σπ
j|t,i, given a specific π and a specific j, we run the regression

σπ
j|t,i =

4∑
q=1

βπ
q,j Dq + επj;t,i (2)

8Note that annual core CPI and PCE inflation are measured by the year-on-year growth rates of the
fourth-quarter averages of the core CPI and PCE levels, respectively. The fourth-quarter average CPI level
is the average of the corresponding three monthly levels.
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Figure 4: Annualized quarter-on-quarter inflation rates based on the seasonally adjusted
GDP deflator (PGDP), core CPI (CCPI), and core PCE (CPCE) index from 1981q3 until
2025q1. Solid lines indicate the availability of corresponding histogram forecasts in the US
SPF. The red vertical lines indicate dates with changes in bin widths for GDP deflator growth
in the US SPF. Shaded areas indicate recessions as dated by the NBER.

with π ∈ {GDP deflator growth, core CPI inflation, core PCE inflation}, and j = 0, 1

denoting the forecast horizon in years (i.e. 0 for the current year, 1 for the next year).

In each of these 6 equations, i = 1, 2, 3, 4 denotes the quarter the forecast is made, t =

2007, 2008, . . . , 2025 denotes the year the forecast is made, and επj;t,i denotes the residual.

The dummy variables Dq are given by

Dq =

0 if q ̸= i

1 if q = i.
(3)

The sample ranges from 2007q1 to 2025q1, i.e. it ends with t = 2025 and i = 1. The resulting

residual series are displayed in Figure 11 in Appendix B.

We apply the supFT (l+1|l) test of Bai and Perron (1998, 2003) to each of the six residual

series obtained. That is, we sequentially test for l+1 versus l breaks starting with l = 0 and

stopping when the test does not reject the null hypothesis of no additional break. We set

the maximum number of structural breaks allowed to 5, use a significance level of 5%, and a

trimming of 15 percent, corresponding to 11 observations. This trimming sample size enables

the detection of breaks in samples from 2009q4 until 2022q2, while limiting size distortions.9

The results in Table 2 show that in 2014q1, breaks are detected only for GDP deflator

growth uncertainty. They occurred for both horizons, and the break date is pinned down with

9Our codes are based on the MATLAB codes by Yohei Yamamoto available at https://blogs.bu.edu

/perron/files/2024/12/m_break-matlab-YM.zip. We allow for all types of heterogeneity considered by
Bai and Perron (1998, 2003), and for autocorrelation of the residuals. We use residual prewhitening and the
repartition method of Bai (1997).
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relatively high precision, resulting in short confidence intervals for both horizons. Breaks in

inflation uncertainty for the next-year horizon are observed for core CPI and PCE inflation in

2009q4 and 2020q2 with lower precision. Assuming that the breaks in GDP deflator growth

uncertainty in 2014q1 are caused by changes in histogram bin widths only, these results

indicate a relatively stable inflation uncertainty from 2010 to 2019.

To corroborate these findings, in the spirit of McConnell and Perez-Quiros (2000), we

analyze the residuals of first-order autoregressive models for the 3 inflation measures men-

tioned above based on realizations from 2006q4 to 2025q1. The absolute values of the 3

residual series obtained are shown in Figure 12 in Appendix B. They are tested with the

supFT (l + 1|l) test of Bai and Perron (1998, 2003) implemented as described above. The

results displayed in Table 3 show that, for both core series, a structural break is found in

2020q2. While no break is detected in the GDP deflator growth volatility, the test finds a

second break in core PCE inflation volatility in 2010q3. None of the break dates is estimated

with high precision.

Based on these test results, and given the absence of events that could have strongly

decreased GDP deflator growth uncertainty while leaving core inflation uncertainty constant

around 2014q1, we conclude there is no evidence for a break in true inflation uncertainty

around 2014q1. The test results suggest that most likely a break in uncertainty occurred

around 2020, and that another break might have taken place about 10 years earlier.

Table 2: Structural breaks in aggregate inflation uncertainty

GDP deflator growth
current year 2014q1

(7)
next year 2014q1

(7)
core CPI inflation
current year

no break detected

next year 2009q4 2020q2
(16) (13)

core PCE inflation
current year

no break detected

next year 2009q4 2020q2
(14) (20)

Note: Structural breaks are determined applying the se-
quential test of Bai and Perron (1998) to seasonally-
adjusted current- and next-year uncertainty forecasts
from equation (2). The numbers in parentheses de-
note the length of the respective 95% confidence interval
around the estimated break date in quarters. See text
for details.

So far, the results are based on simple seasonal adjustments of forecasts and on realiza-

tions. Moreover, they do not rely on tests using a known break date. Therefore, in what

follows, we directly test the hypothesis of no change in uncertainty in 2014q1 based on the
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Table 3: Structural breaks in inflation volatility

GDP deflator growth no break detected

core CPI inflation 2020q2
(20)

core PCE inflation 2010q3 2020q2
(27) (24)

Note: Structural breaks are determined by applying
the sequential test of Bai and Perron (1998, 2003) to
the absolute values of the residuals of the regression
πt = ρ πt−1 + εt estimated using samples from 2006q4 to
2025q1, yielding residuals starting in 2007q1. The num-
bers in parentheses denote the length of the respective
95% confidence interval around the estimated break date
in quarters. See text for details.

(unadjusted) uncertainty forecasts for core CPI inflation and core PCE inflation. Moreover,

we attempt to determine the sample with the least evidence for a break. This sample is

likely to be informative about the effects of the bin width change on uncertainty, because

the true uncertainty can be assumed to be virtually constant.

Denoting the aggregate inflation uncertainty for inflation measure π made in year t and

quarter i for the year t+ j by σπ
i,j|t, we estimate the 16 equations given by

σπ
i,j|t = cπi,j + βπ

i,j Dt + επi,j;t (4)

with π ∈ {core CPI inflation, core PCE inflation}, i = 1, 2, 3, 4 denoting the quarter when the

forecast is made, j = 0, 1 denoting the forecast horizon in years (i.e., 0 for the current year,

1 for the next year), t = 2007, 2008, . . . , 2024 denoting the year when the forecast is made,

and επi,j;t denoting the error term.10 The 16 equations result from all possible combinations

of π, i, and j. The shortest forecast horizon corresponds to i = 4, j = 0, which is the forecast

for the current year made in the fourth quarter. The longest forecast horizon corresponds to

i = 1, j = 1, which is the forecast for the next year made in the first quarter. The dummy

variable Dt is given by

Dt =

0 if t < 2014

1 if t ≥ 2014.
(5)

We test the null hypothesis H0 : βπ,i,j = 0 for all π, i, j, i.e. for all 16 equations jointly.

By varying the start and end years of the estimation window, we identify the sample that

yields the largest p-value for H0, implying the weakest statistical evidence against constant

uncertainty across the two subsamples (i.e., the sample ending in 2013q4 and the sample

starting in 2014q1). We require the samples to have at least two years of observations before

and after the potential structural break in 2014, corresponding to at least two observations

to estimate each parameter in equation (4).

10We do not use the forecasts from 2025q1, because we want to obtain a balanced sample, i.e. we want to
have the same number of observations for each i.
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From Table 4, we can see that the null hypothesis of constant uncertainty is always

rejected in samples starting before 2009, or ending in 2024 at the 5% significance level.

In general, if one of the subsamples considered for the estimation is very short, the null

hypothesis can often be rejected. This is most likely due to cyclical variations or single

shocks rather than to structural change. As mentioned above, the parameters in equation

(4) are estimated on a relatively small number of observations in short subsamples, such

that those observations being close to a cyclical peak or a trough, or the occurrence of a

single large shock can perceptibly affect the results.11 The largest p-value is obtained for the

sample from 2010 to 2019. This sample also has the lowest average of the estimates of βπ
i,j

from (4), being equal to 0.011. This number appears relatively small when considering the

values of the dependent variables displayed in Figure 3.

In summary, it seems reasonable to assume that inflation forecast uncertainty from 2010

to 2013 is broadly equal to inflation forecast uncertainty from 2014 to 2019. We proceed

under the assumption of equality. This will allow us to gauge the effect of the bin width

change in 2014 on measured inflation forecast uncertainty.

Table 4: Tests for change in forecast uncertainty in 2014 for core CPI and core PCE inflation

end: 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

start p-values of F -test of H0 : βπ,i,j = 0 for all π, i, j jointly
2007 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
2008 0.00 0.00 0.00 0.01 0.03 0.00 0.00 0.00 0.00 0.00
2009 0.00 0.00 0.00 0.14 0.32 0.07 0.01 0.01 0.00 0.00
2010 0.00 0.00 0.01 0.50 0.74 0.40 0.15 0.11 0.02 0.01
2011 0.01 0.00 0.01 0.50 0.66 0.49 0.23 0.18 0.05 0.02
2012 0.00 0.00 0.00 0.18 0.32 0.28 0.10 0.08 0.03 0.01

start average of estimates of βπ
i,j from (4) over all π, i, j

2007 0.05 0.05 0.04 0.03 0.03 0.03 0.04 0.04 0.04 0.04
2008 0.05 0.04 0.04 0.03 0.02 0.03 0.03 0.03 0.04 0.04
2009 0.04 0.04 0.03 0.02 0.02 0.03 0.03 0.03 0.03 0.03
2010 0.04 0.04 0.03 0.02 0.01 0.02 0.03 0.03 0.03 0.03
2011 0.04 0.04 0.03 0.02 0.02 0.02 0.03 0.03 0.03 0.03
2012 0.05 0.05 0.04 0.03 0.03 0.03 0.04 0.04 0.04 0.04

Note: ‘start’ denotes first year, ’end’ last year of OLS estimation sample. Bold numbers
indicate p-values larger than 0.05. Numbers in italics show largest p-value, and smallest
average of estimates of βπ

i,j , respectively.

Gauging the effect of halving bin widths on measured uncertainty

To quantify the effect of a bin width change on measured uncertainty, we assume that there

is an elasticity γ which describes how a change in the coarseness of the histogram x affects

11Figure 11 in Appendix B suggests that a typical cycle in inflation forecast uncertainty, gauged as the
time between two peaks or two troughs, appears to last longer than 3 years.

11



the change in measured uncertainty σmeas, i.e., we assume a relation given by

∆ ln (σmeas) = γ∆ ln (x) , (6)

where our measure of coarseness x simply refers to pp per histogram bin. We choose this

specification because it relies on a single parameter, which can be determined if only one

bin width change is observed. Moreover, it is easy to interpret, and it nests two important

special cases, namely γ = 0 and γ = 1. The literature, in general, seems to assume that

γ = 0, implying that the bin width does not affect measured uncertainty. The results above

suggest that this assumption does not hold.

For the following expositions, it is sometimes helpful to consider the equation for the

level of measured uncertainty implied by equation (6). This is given by

σmeas = c xγ . (7)

Glas and Hartmann (2022) consider a thought experiment corresponding to γ = 1, i.e. to

a situation where respondents always assign positive probabilities to a fixed number of bins

only. This implies that they ignore the bin widths when making their histogram forecasts.12

Under this assumption, one could imagine, for instance, that a forecaster first assigns positive

probabilities to three bins (20%, 65%, and 15%, say) of unknown width, then looks for the

bin containing her mean forecast and assigns the probabilities to this bin and the adjacent

bins.

We determine γ based on the change in measured uncertainty for GDP deflator growth

in 2014q1. We consider the regression corresponding to (7), namely

ln
(
σπ
j|t,i

)
= ci,j + γi,j ln

(
xπt,i
)
+ εt,i,j (8)

with π here denoting GDP deflator growth, and the variable xπt,i being a measure of the

coarseness of the histogram. Here, xπt,i is given by

xπt,i =

1 if t < 2014

0.5 if t ≥ 2014,
(9)

which corresponds to the histogram bin widths in pp.13

We estimate equation (8) for the years 2010 to 2019 because inflation forecast uncertainty

in the sample from 2010 to 2013 is approximately equal to inflation forecast uncertainty

from 2014 to 2019 according to our previous results. Therefore, the coefficients γi,j can

be interpreted as capturing the effect of the change in bin width on measured forecast

12Glas and Hartmann (2022) actually use the variance to measure uncertainty. If we square both sides of
(7), we get σ2

meas = c2 x2γ , implying that doubling the bin width leads to a fourfold increase in the measured
variance if γ = 1.

13Based on our assumption that the open bins have twice the width of the closed bins, the average bin
widths used by respondents are marginally higher than 1 and 0.5. However, note that for the estimation of
γ, only the ratio between xπ

t,i before and after 2014 matters, such that the width of the open bins can be
considered inconsequential in the definition of xπ

t,i.
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Table 5: Horizon-dependent effects of bin width change on measured uncertainty

c1,1 c2,1 c3,1 c4,1 c1,0 c2,0 c3,0 c4,0
-0.240 -0.283 -0.279 -0.336 -0.399 -0.443 -0.465 -0.684
(0.043) (0.043) (0.043) (0.043) (0.043) (0.043) (0.043) (0.043)

γ1,1 γ2,1 γ3,1 γ4,1 γ1,0 γ2,0 γ3,0 γ4,0
0.512 0.488 0.527 0.517 0.563 0.567 0.674 0.667
(0.080) (0.080) (0.080) (0.080) (0.080) (0.080) (0.080) (0.080)

Note: Estimates of ci,j and γi,j from equation (8) for the sample 2010 to 2019.
Forecast horizon decreases from i = 1, j = 1 (forecasts from 1st quarter for next year)
to i = 4, j = 0 (nowcast from 4th quarter for current year). Numbers in parentheses
are OLS standard errors. They are identical for all ci,j resp. γi,j estimates due to
the special form of the regressor matrix.

uncertainty.

Table 5 shows that, as expected, the coefficients ci,j decrease with the forecast horizon.

The estimates of the coefficients γi,j are mostly around 0.5 to 0.6 for all 8 forecast horizons.

While the current-year coefficients γi,0 appear to be marginally larger than their next-year

counterparts γi,1, running an F -test of the null hypothesis that all γi,j are equal yields a

p-value of 0.60. Therefore, we estimate equation (8) with the restriction γi,j = γ imposed

for all i and j. We do so for all samples where the null hypothesis of no structural break in

inflation uncertainty in 2014q1 cannot be rejected according to the results in Table 4.

The estimation results in Table 6 show that the estimates of γ vary between about 0.5

and 0.6 depending on the sample. The smallest values are observed if the estimation sample

starts in 2012, such that only two years of data are available before the change in the bin

width.14 Our preferred sample from 2010 to 2019 yields γ ≈ 0.56. Looking at the standard

errors of the estimates, one can reject both extreme assumptions mentioned concerning the

effect of a change in the histogram bin width on measured uncertainty. In all samples, the

usual assumption of γ = 0 has a p-value of virtually zero, implying that measured uncertainty

does change in response to the change in bin width. The assumption of γ = 1 has a p-value

of virtually zero as well, implying that the standard deviation does not change one-to-one

with the bin width. Our results show that an intermediate assumption is warranted. This

aggregate result could, in principle, be caused by the presence of two groups of forecasters

with γ ≈ 0 and γ ≈ 1, respectively. However, when we estimate individual elasticities, they

rather appear to have a hump-shaped distribution around their average of about 0.6. More

details on this estimation can be found in Appendix C.

With γ = 0.56, halving the bin width yields a measured standard deviation that is smaller

by a factor of 0.68, i.e. it causes the measured standard deviation to decrease by about one-

third. This result simply follows from γ ln(1/2) ≈ −0.39 and exp(−0.39) ≈ 0.68.15

14The null hypothesis γi,j = γ in the corresponding estimations with horizon-dependent values γi,j cannot
be rejected for any of the samples considered. Yet, the power of these tests is likely to be small, especially in
the shorter samples.

15Based on a household survey, Becker et al. (2023) find a similar result in one of their ‘Compression’ cases,
which most closely resembles our case. The measured standard deviation in their baseline equals 3.08 when
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Table 6: Effects of bin width change on measured uncertainty under horizon independence

sample end
2018 2019 2020 2021 2022 2023

sample start

2009
0.572 0.581 0.571
(0.027) (0.026) (0.025)

2010
0.556 0.564 0.555 0.541 0.560
(0.029) (0.028) (0.027) (0.026) (0.030)

2011
0.554 0.563 0.553 0.539 0.558 0.539
(0.032) (0.031) (0.030) (0.029) (0.034) (0.034)

2012
0.487 0.495 0.486 0.472 0.491
(0.031) (0.031) (0.031) (0.031) (0.037)

Note: Estimates of γ from equation (8) with restriction γi,j = γ imposed. Estimates
are shown for samples without breaks according to results in Table 4. Numbers in
parentheses are OLS standard errors. The bold numbers indicate the sample with
the highest p-value in Table 4.

3 Adjusting SPF forecast uncertainty for breaks

Based on equation (7), we can determine a break-adjusted GDP deflator growth uncertainty

σ̃π
j|t,i as

σ̃π
j|t,i = σπ

j|t,i
(
xπt,i
)−γ

(10)

with γ = 0.56. Since xπt,i, the bin width in pp, equals 1 from 1992q1 to 2013q4, this break-

adjusted uncertainty coincides with the original uncertainty over that period. Before 1992q1,

the bin width is equal to 2 pp, such that xπt,i equals 2 from the start of the sample until

1991q4, 1 from 1992q1 to 2013q4, and 0.5 from 2014q1 to 2025q1.

This type of break adjustment, however, cannot directly be applied to real GDP growth

uncertainty since 2020q2. This is because from that date onward many different bin widths

coexist, and it is unclear which value for xyt,i, i.e. for the coarseness of the output histograms,

would be appropriate. Therefore, we gauge the value for xyt,i by applying the bin definitions

prevailing before 2020q2 to the histogram forecasts since 2020q2 and determining the corre-

sponding uncertainty. For instance, if a respondent assigned 60% probability to the fourth

bin (width of 3 pp since 2020q2) and 40% probability to the fifth bin (width of 1.5 pp since

2020q2), we simply assume a width of 1 pp for each bin (the width of all closed bins in

2020q1) to calculate the standard deviation. This approach is feasible because the number

of bins changed neither in 2020q2 nor in 2024q2.

Denoting the aggregate real GDP growth uncertainty obtained in this way for each quar-

fitting beta distributions. When the bin widths are halved, the measured standard deviation equals 1.84,
which would translate into γ = ln(1.84/3.08)

ln(1/2)
= 0.74. However, their setting is different from ours and the US

SPF in several respects, and in other, similar ‘Compression’ cases they find results implying other values for
γ. Yet, their results clearly do not support the assumption γ = 0, either.
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ter since 2020q2 by σ́y
j|t,i, we can exploit the relation

σy
j|t,i

σ́y
j|t,i

=
xyt,i,j

xy2020,1,j
(11)

from 2020q2 onwards. The histogram coarseness xyt,i,j equals 1 in 2020q1, corresponding

again to the width of the closed bins in that quarter. Therefore, the values of xyt,i,j since

2020q2 can simply be determined by the left-hand side of equation (11). Note that the way

σ́y
j|t,i is calculated corresponds to the assumption γ = 1. In this case, the expected measured

uncertainty for any hypothetical bin definition (having the same number of bins as in the

original setting) could be found simply by applying this bin definition to the probabilities

provided. Correspondingly, (11) follows from (6) with γ = 1. Since the resulting coarseness

depends on the probabilities of the histograms, it also depends on the forecast horizon j —

in contrast to the episodes with constant bin widths.

Figure 5 displays the resulting coarseness series. For GDP deflator growth, the histograms

for the current and the next year always have identical coarseness, which corresponds to the

width of the closed intervals. For real GDP growth, marked differences appear with the bin

width change in 2020q2. In comparison to the next-year forecasts, the current-year forecasts

tend to have much more probability mass in less central bins. Since less central bins are wider,

the ratio of the standard deviations in (11) is larger for current-year forecasts. For next-year

forecasts, the coarseness measure also increases with the bin width change in 2020q2, but it

remains smaller than before 1992q1. In 2024q2, the coarseness hardly changes, although the

width of 8 out of 11 bins is halved. This is because about 90% of the probability mass from

2024q2 to 2025q1 is allocated to the central three bins whose width remains unchanged.

Assuming that γ = 0.56 is a reasonable elasticity for the uncertainty forecasts of real GDP

growth as well, we proceed by using equation (10) to obtain its break-adjusted uncertainty

series. That is, we calculate the break-adjusted series σ̃y
j|t,i as

σ̃y
j|t,i = σy

j|t,i

(
xyt,i,j

)−γ
(12)

with γ = 0.56. Again, xπt,i,j equals 2 from the start of the sample until 1991q4. Similar to

GDP deflator growth, we have xyt,i,j = 1 from 1992q1 to 2020q1, such that the break-adjusted

uncertainty coincides with the original uncertainty over this period. From 2020q2 onward,

xyt,i,j changes each period and depends on the forecast target j.

Using the coarseness series in equations (10) and (12) finally gives the break-adjusted

series, which are displayed in Figure 6. While the structural break in measured uncertainty

of GDP deflator growth in 2014q1 disappears by construction, the lack of visible structural

breaks in 1992q1 for GDP deflator and real GDP growth is remarkable. For GDP deflator

growth, uncertainty appears at best marginally larger before 1992q1 than in the years af-

terward. Since 2020, GDP deflator growth uncertainty is above average. This conclusion

stands in stark contrast to the impression conveyed by the unadjusted uncertainty series in

Figure 1. For real GDP growth, uncertainty seems to remain relatively constant from the
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Figure 5: Coarseness of histograms as measured by xyt,i,j = xπt,i for GDP deflator growth (left
panel) and xyt,i,j for real GDP growth (right panel). Red vertical lines indicate the dates
with changes in bin widths. Shaded areas indicate recessions as dated by the NBER.
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Figure 6: Break-adjusted uncertainty of GDP deflator growth (left panel) and of real GDP
growth (right panel). Red vertical lines indicate the dates with changes in bin widths. Shaded
areas indicate recessions as dated by the NBER.
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start of the sample until about the late 1990s, when uncertainty tends to increase slightly.

With the start of the Corona pandemic in 2020q2, growth uncertainty reaches higher levels

than observed before, but the increase is considerably less drastic than conveyed by the un-

adjusted uncertainty series in Figure 1. Like the unadjusted series, growth uncertainty at

the end of the sample broadly equals its pre-pandemic level.

A notable feature that becomes more evident in the break-adjusted uncertainty series,

although it is also present in the unadjusted series, is the lack of a relationship between

business cycles and uncertainty. There is a large literature investigating if rising uncertainty,

especially concerning economic activity, causes recessions or if recessions increase uncertainty

or both, but the link between high uncertainty and recessions is mostly regarded as a fact

(see, for instance, Ludvigson et al., 2021). For real GDP growth, only the pandemic recession

is clearly associated with higher uncertainty. For GDP deflator growth, uncertainty appears

to be relatively large around the recession related to the financial crisis of 2007-08. However,

for all recessions except the pandemic one, it would be very difficult to spot them based on

the uncertainty series in Figure 6. On some occasions, high uncertainty might be masked

by the expected realizations being close to the open bins. For instance, the relatively low

uncertainty concerning GDP deflator growth in 2022 mainly stems from the fact that high

probabilities are assigned to the upper open bin. Therefore, the uncertainty estimated for

the corresponding surveys strongly depends on the researchers’ assumptions concerning the

probability distribution in the open bins.

4 A modest proposal for the US SPF’s bin widths

In light of the previous results, one might consider modifications to the way probabilistic

forecasts are elicited. While ideas like using questions for quantiles, five-point distributions

as in Altig et al. (2022), or choice-based histograms as in Goldfayn-Frank et al. (2025) are

promising, they would imply a profound change in the way the US SPF is conducted. If the

US SPF continues to rely on its traditional histogram forecasts, it would seem reasonable

to reconsider the choice of the bin widths due to their impact on outcomes. If changes in

the bin widths lead to breaks in measured uncertainty, one natural question to ask is, how

a constant bin width should have been chosen in our sample. This bin width would also be

a choice worth considering for future survey rounds, unless the average uncertainty in the

coming decades differs noticeably from the average uncertainty in our sample.

The literature on forecast surveys often states that an uncertainty forecast should be

unbiased in the sense that it corresponds to the expectation of a measure of ex post uncer-

tainty. Such a relation is relatively straightforward to investigate for an individual forecast.

For instance, an unbiased variance forecast of forecaster n implies(
σz
n;j|t,i

)2
= E

[(
zt+j,i − µz

n;j|t,i

)2]
, (13)

where the right-hand side is the expected squared forecast error, which is the measure of

ex post uncertainty corresponding to the variance forecast. µz
n;j|t,i denotes the mean fore-
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cast from the same forecast distribution that σz
n;j|t,i is derived from, and zt+j,i denotes the

realization of the target variable. In the previous sections, we found that a change in the

bin width affects the left-hand side of equation (13). In this section, we assume that such

a change does not affect the mean forecast µz
n;j|t,i, i.e. the right-hand side of equation (13).

This assumption does not appear particularly strong, because forecasters tend to align the

central tendency resulting from their histogram forecasters with their point predictions (see

Engelberg et al. 2009).

Since we are focusing on squared aggregate uncertainty, we employ the aggregate equality

implied by (13), which is given by

1

Ni,t

Ni,t∑
n=1

(
σz
n;j|t,i

)2
= E

 1

Ni,t

Ni,t∑
n=1

(
zt+j,i − µz

n;j|t,i

)2 . (14)

Note that this equality does not require every single forecaster to issue unbiased variance

forecasts. Yet, the average bias equals zero if (14) holds. Defining the combined mean

forecast, i.e. the average mean forecast across all forecasters by

µz
j|t,i =

1

Ni,t

Ni,t∑
n=1

µz
n;j|t,i

the right-hand side of (14) allows the useful decomposition

E

 1

Ni,t

Ni,t∑
n=1

(
zt+j,i − µz

n;j|t,i

)2 = E

 1

Ni,t

Ni,t∑
n=1

((
zt+j,i − µz

j|t,i

)
−
(
µz
n;j|t,i − µz

j|t,i

))2
= E

[(
zt+j,i − µz

j|t,i

)2]
+ E

 1

Ni,t

Ni,t∑
n=1

(
µz
n;j|t,i − µz

j|t,i

)2 .

(15)

Combining (14) and (15) yields

1

Ni,t

Ni,t∑
n=1

(
σz
n;j|t,i

)2
= E

[(
zt+j,i − µz

j|t,i

)2]
+ E

 1

Ni,t

Ni,t∑
n=1

(
µz
n;j|t,i − µz

j|t,i

)2 . (16)

Equation (16) shows that, under variance unbiasedness, the average variance forecast equals

the expected squared error of the combined mean forecast (i.e., the expectation of an ex post

uncertainty measure) plus a term capturing disagreement (an ex ante uncertainty measure).

The disagreement term equals the average squared difference between the individual mean

forecasts and the combined mean forecast. The equality in (16) holds for each single forecast,

i.e. for each (j, t, i).16

In what follows, it will be useful to consider the forecast horizon in quarters denoted by h,

16The result stated in (16) is directly related to the upward bias of the variance forecasts of linear pools,
as discussed in Proposition 1 in Knüppel and Krüger (2022).
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where h = 0 corresponds to (i = 4, j = 0) i.e., to the current-year forecast made in the fourth

quarter, h = 1 to (i = 3, j = 0), . . ., and h = 7 to (i = 1, j = 1) i.e., to the next-year forecast

made in the first quarter. That is, a larger h corresponds to a longer forecast horizon in

quarters. Using the definition of aggregate uncertainty from (1) and replacing expectations

with sample averages in (16) yields

1

T

T∑
t=1

(
σz
j|t,i

)2
︸ ︷︷ ︸

σ2
h,t

=
1

T

T∑
t=1

(
zt+j,i − µz

j|t,i

)2
︸ ︷︷ ︸

Sh,t

+
1

T

T∑
t=1

 1

Ni,t

Ni,t∑
n=1

(
µz
n;j|t,i − µz

j|t,i

)2
︸ ︷︷ ︸

Dh,t

+op(1),

(17)

assuming covariance stationarity, ergodicity, and finite first moments of σ2
h,t, Sh,t and Dh,t.

σ2
h,t denotes the average aggregate squared uncertainty for forecast horizon h in year t.

In finite samples with unbiased variance forecasts, the sample average of σ2
h,t becomes ap-

proximately equal to the sum of the sample averages of the ex post uncertainty Sh,t and

disagreement Dh,t for forecast horizon h as T grows. For the quantities mentioned and in

what follows, we do not use the index z to avoid clutter.

In our samples, σ2
h,t, Sh,t, and Dh,t have missing values corresponding to the forecasts

from 1984q1 and 1985q1. Since we are going to investigate averages for each h, two missing

values for h = 3 and h = 7, respectively, might distort the results, not least since these

missing values occurred in potentially more volatile times. Therefore, we employ fitted

values of regressions to fill these gaps. We use balanced samples defined with respect to the

target year of the forecasts. Our samples begin in 1983q1, implying that they start with the

forecasts made in 1983q1 for the current year (h = 3) and forecasts made in 1982q1 for the

next year (h = 7). Looking at the forecasts for instead of from a certain year is motivated

by the fact that the largest quantities in (17) are observed for Sh,t, and these occur in years

with extreme realizations. Our samples for the interpolation regressions end in 2019 because,

otherwise, the year 2020, when the COVID-19 pandemic started, would strongly affect the

results for real GDP growth. By ending the samples in 2019, we also exclude the extreme

GDP deflator growth of the year 2022.

We consider the unadjusted aggregate squared uncertainty σ2
h,t, and the break-adjusted

aggregate squared uncertainty σ̃2
h,t. To obtain fitted values, we regress σ2

3,t on σ2
2,t and on

σ2
4,t−1, while σ2

7,t is regressed on σ2
6,t only.

17 We do the same for σ̃2
h,t, Sh,t and Dh,t. Figure

7 shows the time series with the fitted values. The series σ2
h,t (σ̃2

h,t) in Figure 7 is closely

related to the uncertainty series in Figure 6 (Figure 1). In contrast to the latter, the former

contains variances instead of standard deviations, and missing values are filled with fitted

values. Moreover, the values of the next-year forecasts displayed are shifted by 4 quarters

to the right because of looking at forecasts for a certain year. The ex post measure Sh,t has

spikes with very large values in years when the outturns are extreme. Disagreement Dh,t

tends to be more stable over time, and its maxima are far smaller than those of Sh,t.

17We do not include a constant as a regressor because we assume that the uncertainties for adjacent horizons
are proportional to each other.
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Based on these series, we can investigate whether (17) holds at least approximately for

one of the measures of squared forecast uncertainty. To this end, we define the sample

averages

σ2
h =

1

T ′ − t′ + 1

T ′∑
t=t′

σ2
h,t

σ̃
2
h =

1

T ′ − t′ + 1

T ′∑
t=t′

σ̃2
h,t

Sh =
1

T ′ − t′ + 1

T ′∑
t=t′

Sh,t

Dh =
1

T ′ − t′ + 1

T ′∑
t=t′

Dh,t.

(18)

with t′ = 1, T ′ = T if h ≤ 3 (current-year forecasts) and t′ = 0, T ′ = T −1 if h ≥ 4 (next-year

forecasts). The sample to calculate the averages starts with the forecasts for 1983 and ends

with the forecasts for 2024.

Table 7 shows the values of the sample averages of ex post uncertainty Sh and disagree-

ment Dh for the full samples and the samples without the years with extreme observations

(2020 for real GDP growth, 2022 for GDP deflator growth). In all samples, except for short

forecast horizons, Sh exceeds Dh, considerably so for large horizons. Excluding extreme

observations strongly reduces Sh except for very short horizons for RGDP growth, whereas

Dh remains broadly constant.18

Against the background of the extreme errors of the real GDP growth forecasts for 2020

and the GDP deflator growth forecasts for 2022, in what follows, we exclude the forecasts for

these years when calculating the averages. An additional motivation for the latter exclusion

is that for the current-year forecasts, large probabilities were assigned to the upper outer bin,

such that forecast variance assessments for these forecasts strongly depend on assumptions.

However, we provide results for the full sample in Appendix D.

In line with the previous sections, we now apply square roots to the quantities defined

in (18) when describing uncertainty. Note that in the previous sections, we looked at square

roots of cross-sectional variances, whereas here we have square roots of time-series variances.

σh :=
√

σ2
h and σ̃h :=

√
σ̃
2
h denote the unadjusted and break-adjusted average forecast

uncertainty,19 respectively, while the quantity
√
Sh +Dh denotes calibration uncertainty,

because the average of unbiased aggregate uncertainty should be approximately equal to

this term according to (17).

As Figure 8 shows, neither σh nor σ̃h approximate the calibration uncertainties well. For

both variables, the average forecast uncertainties are too small for forecast horizons h ≥ 3.

18Regarding the next-year forecasts (h = 7, 6, 5, 4), one could suppose that this behavior of Dh is partly
due to focusing on forecasts for (not from) 2022 and 2020, respectively. Yet, this result also emerges when
excluding forecasts from 2022 and 2020.

19Note that σh and σ̃h are not the sample averages of standard deviations.
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Table 7: Sample averages of ex post uncertainty Sh and disagreement Dh

PGDP growth RGDP growth

Sh Dh Sh Dh

sample full w/o 2022 full w/o 2022 full w/o 2020 full w/o 2020
h = 7 1.62 1.06 0.43 0.44 3.00 2.37 0.56 0.56
h = 6 1.48 0.98 0.41 0.41 2.62 1.96 0.61 0.61
h = 5 1.22 0.82 0.31 0.30 2.41 1.79 0.49 0.49
h = 4 0.84 0.51 0.30 0.30 1.98 1.36 0.43 0.44
h = 3 0.57 0.34 0.31 0.30 1.44 0.77 0.43 0.44
h = 2 0.41 0.23 0.24 0.24 0.45 0.31 0.34 0.25
h = 1 0.27 0.09 0.20 0.20 0.17 0.12 0.25 0.20
h = 0 0.25 0.08 0.20 0.19 0.10 0.10 0.24 0.21

Note: Averages of samples starting with forecasts for 1983 and ending with the forecasts for 2024. For
PGDP growth, the sample w/o 2022 excludes the forecasts for 2022. For RGDP growth, the sample w/o
2020 excludes the forecasts for 2020. h denotes the forecast horizon in quarters.

The average unadjusted uncertainties run virtually parallel to the average break-adjusted

uncertainties, but are slightly larger. The corresponding results for the full sample can be

found in Figure 14 in Appendix D.

For the break-adjusted uncertainties, we chose a coarseness of x = 1, corresponding to

a bin width of 1 pp. While we could employ a larger value of x, this would only amount

to multiplying the break-adjusted forecast uncertainty σ̃h by the same constant (larger than

1) for each h. Having larger forecast uncertainties at larger horizons would then lead to a

mismatch at shorter horizons.

To attain break-adjusted forecast uncertainties that match the calibration uncertainties

for all h, one needs to consider horizon-specific bin widths. Denoting these bin widths by x∗h,

the corresponding time series of aggregate uncertainty and the average forecast uncertainty

are given by

σ̃∗
h,t = σ̃h,t (x

∗
h)

γ

σ̃
∗
h =

√√√√ 1

T ′ − t′ + 1

T ′∑
t=t′

(
σ̃∗
h,t

)2 (19)

where x∗h is chosen such that

σ̃
∗
h =

√
Sh +Dh (20)

holds. Note that (20) does not imply that each forecaster makes unbiased variance forecasts

as defined in (13). However, it implies that the individual biases add up to zero. Put differ-

ently, when randomly choosing a forecaster, the expected bias of this forecaster’s variance

forecast is zero if the bin width x∗h is used.

While advocating the use of x∗h for the US SPF might appear straightforward, two prac-

tical issues warrant attention. First, US SPF bin widths have always been multiples of 0.5

pp, and other choices could be difficult to handle. Second, it might be desirable to have
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monotonicity of x∗h with respect to h. Figure 8 suggests that, in general, bin widths should

decrease with h because the ratio of calibration uncertainty to average uncertainty decreases

with h. Yet, x∗0 would need to be larger than x∗1 for both average forecast uncertainties, σ̃
∗
0

and σ̃
∗
1, to match their respective calibration uncertainties. However, survey participants

might be irritated by an increase in the bin width for the current-year forecasts from the

third to the fourth quarter if, at the same time, the bin width for the next-year forecasts

decreases, and, moreover, if the bin widths for both forecasts have not increased before.

The first issue can be resolved by rounding each x∗h to the nearest multiple of 0.5. We

denote these rounded bin widths by r (x∗h). The second issue can be resolved by running

an isotonic regression using the Pool Adjacent Violators Algorithm (PAVA). This regression

finds the values x̂∗h which minimize

7∑
h=0

(x̂∗h − x∗h)
2 (21)

subject to the constraints x̂∗h ≤ x̂∗h+1 for h = 0, 1, . . . , 6. The rounded fitted values will be

denoted by r (x̂∗h). Note that we round after imposing monotonicity, not vice versa.

Table 8: Calibration-uncertainty-based bin widths

PGDP growth RGDP growth
x∗h x̂∗h r (x∗h) r (x̂∗h) x∗h x̂∗h r (x∗h) r (x̂∗h)

h = 7 2.05 2.05 2.00 2.00 2.65 2.65 2.50 2.50
h = 6 1.96 1.96 2.00 2.00 2.41 2.41 2.50 2.50
h = 5 1.73 1.73 1.50 1.50 2.35 2.35 2.50 2.50
h = 4 1.46 1.46 1.50 1.50 2.16 2.16 2.00 2.00
h = 3 1.27 1.27 1.50 1.50 1.66 1.66 1.50 1.50
h = 2 1.02 1.02 1.00 1.00 0.96 0.99 1.00 1.00
h = 1 0.82 0.97 1.00 1.00 0.76 0.99 1.00 1.00
h = 0 1.12 0.97 1.00 1.00 1.25 0.99 1.50 1.00

Note: US SPF bin widths (in pp) making the average forecast uncertainty
(approximately) equal to the calibration uncertainty for the sample 1983 to
2024, excluding 2022 for GDP deflator growth and 2020 for real GDP growth.
x∗
h leads to equality for all h. x̂∗

h enforces monotonicity of the bin widths with
respect to h. r(•) rounds both types of bin widths to multiples of 0.5.

The resulting bin widths in Table 8 show values in the range of about 1.0 pp to 2.5 pp.

The bin widths tend to be larger for real GDP growth, especially for h ≥ 3. As mentioned

above, the bin widths x∗h decrease with h except for h = 0. Therefore, the isotonic regressions

yield equal bin widths x̂∗h for h = 0, 1 for GDP deflator growth, and for h = 0, 1, 2 for real

GDP growth, respectively. While the differences between x∗h and x̂∗h vanish after rounding to

multiples of 0.5, the results differ for the corresponding rounded values for real GDP growth

at h = 0.

We will focus on the bin widths r (x̂∗h), because they account for both practical issues

mentioned above. While these bin widths might appear large for large h, they are rounded

downwards for h = 7. Moreover, if the full samples, i.e. the samples from 1983 to 2024
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Figure 7: From the top to the bottom, σ2
h,t, σ̃

2
h,t, Sh,t, Dh,t as described for equation (17)

are displayed for GDP deflator growth (left panel) and real GDP growth (right panel). Blue
lines show forecasts with h = 0, 1, 2, 3, red lines show forecasts with h = 4, 5, 6, 7. So, given
h = 0, 1, 2, 3, σ2

h,t (Ṽh,t, Sh,t, Dh,t) and σ2
h+4,t−1 (σ̃2

h+4,t−1, Sh+4,t−1, Dh+4,t−1) are plotted
together, i.e. the values for forecasts for instead of from a certain year on the x-axis are
shown.
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Figure 8: Average forecast uncertainties σh (unadjusted) and σ̃h (break-adjusted) and cali-

bration uncertainty
√
Sh +Dh for the sample 1983 to 2024, excluding 2022 for GDP deflator

growth (left panel) and 2020 for real GDP growth (right panel)

including the years 2022 (for GDP deflator growth) and 2020 (for real GDP growth) are used,

most rounded bin widths have to be 0.5 pp or 1.0 pp larger to approximate the calibration

uncertainty, as reported in Table 9 in Appendix D. Based on the non-rounded monotonic bin

widths x̂∗h in Tables 8 and 9, one can conclude that the bin widths for the largest horizons

should be about 2-3 times larger than the bin widths for the shortest horizons.

In analogy to (19), we define the uncertainties based on the rounded and monotonic bin

widths r (x̂∗h) by

σ̀∗
h,t = σ̃h,t (r (x̂

∗
h))

γ

σ̀
∗
h =

√√√√ 1

T ′ − t′ + 1

T ′∑
t=t′

(
σ̀∗
h,t

)2
where σ̀∗

h,t denotes the aggregate forecast uncertainty and σ̀
∗
h is the corresponding average

forecast uncertainty. Figure 9 shows σ̀
∗
h in comparison to the target uncertainty. Deviations

from the latter quantity are only due to rounding and imposing monotonicity. Consequently,

the deviations are more perceivable if rounding (e.g. for PGDP growth at h = 3) or imposing

monotonicity (e.g. for RGDP growth at h = 1) have a relatively strong effect. Overall,

however, the average forecast uncertainty σ̀
∗
h matches the target uncertainty considerably

better than σh and σ̃h (see Figure 8).

Figure 10 shows the time series of aggregate forecast uncertainty σ̀∗
h,t that corresponds

to the break-adjusted aggregate uncertainty displayed in Figure 6, i.e. with missing values

in 1984q1 and 1985q1, and plotting forecasts from (not for) the dates on the x-axis. The

current-year uncertainty σ̀∗
h,t with h = 0, 1, 2, 3 and the next-year uncertainty σ̀∗

h,t with h =

4, 5, 6, 7 are further apart than those of the break-adjusted uncertainty displayed in Figure 6.

Moreover, the seasonal patterns are more pronounced. Like the break-adjusted uncertainty,

σ̀∗
h,t hardly appears to co-move with the squared forecast errors or the disagreement measures
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displayed in Figure 7. Since forecast errors and disagreement are the basis for some common

measures of uncertainty (see, for instance, Rossi and Sekhposyan, 2015 and Lahiri and Sheng,

2010), this lack of co-movement seems noteworthy.
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Figure 9: Average forecast uncertainty σ̀
∗
h based on rounded and monotonic bin widths r (x̂∗h)

and calibration uncertainty
√

Sh +Dh for the sample 1983 to 2024, excluding 2022 for GDP
deflator growth (left panel) and 2020 for real GDP growth (right panel)
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Figure 10: Calibration-uncertainty-based aggregate uncertainty σ̀∗
h,t of GDP deflator growth

(left panel) and of real GDP growth (right panel). Red vertical lines indicate the dates with
changes in bin widths. Shaded areas indicate recessions as dated by the NBER.

5 Conclusion

We analyze the aggregate uncertainties for GDP deflator growth and real GDP growth based

on the corresponding histogram forecasts of the US SPF. These uncertainties turn out to

contain structural breaks caused by changes in the survey design, namely in the widths of

the histogram bins. We exploit the structural break in measured aggregate GDP deflator

growth uncertainty in 2014 – during a time of virtually constant inflation uncertainty – to
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estimate the effect of a bin width change on measured aggregate uncertainty. The estimation

result is used to provide break-adjusted aggregate uncertainties for GDP deflator and real

GDP growth.

In a second step, we compare the levels of average aggregate uncertainties to their ex-

pected values, the calibration uncertainties. Since it turns out that neither the break-adjusted

nor the unadjusted uncertainties match the calibration uncertainties, we propose horizon-

dependent bin widths that would result in such a match. Rounding to multiples of 0.5 pp

and enforcing monotonicity yields bin widths equal to 2.0 pp for inflation and to 2.5 pp for

growth for the next-year forecasts made in the first quarter of the year. The bin widths

tend to decrease as the forecast horizon shortens, arriving at a bin width of 1.0 pp for both

variables, GDP deflator and real GDP growth, for the current-year forecasts in the fourth

quarter of the year.

The large effects of changes in the histogram bin widths on measured uncertainty suggest

that there are important measurement issues associated with the current practice of eliciting

probabilistic forecasts. Therefore, we believe that the effects of survey design need to be

studied thoroughly for professional forecasters, just as they are in the case of consumer

surveys (see e.g. de Bruin et al., 2017). While such studies will inevitably have to confront

the difficulty of relatively small samples of professional forecasters, there is, in our view, no

reasonable alternative to such investigations.
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Giordani, P. and P. Söderlind (2003). Inflation forecast uncertainty. European Economic

Review 47 (6), 1037–1059.

Glas, A. and M. Hartmann (2022). Uncertainty measures from partially rounded probabilistic

forecast surveys. Quantitative Economics 13 (3), 979–1022.

Goldfayn-Frank, O., P. Kieren, and S. T. Trautmann (2025). A choice-based approach to

the measurement of inflation expectations. Journal of Monetary Economics, 103882.

Jurado, K., S. C. Ludvigson, and S. Ng (2015, March). Measuring uncertainty. American

Economic Review 105 (3), 1177–1216.
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A Appendix: Details of quantification procedure

Cases 1 and 2 deal with forecasters who assign positive probabilities to 1 or 2 bins only, such

that a triangular distribution is fitted. Case 3 considers positive probabilities for at least 3

bins, such that a normal distribution can be employed.

Case 1 The forecaster uses a single bin with width w. That is, the interval has the range

(A,A+ w]. Then the support of the triangle contains the entirety of the interval. Let B

be the length of the base of the triangle, i.e. B = w. If the probability mass is allocated

in a single open-ended bin, then we assume it has width 2w, where w is the width of the

adjacent closed bin, so that B = 2w. The corresponding triangular distribution has the

mean µ = A+B/2 and the variance σ2 = B2/24.

Case 2 Assume that the forecaster uses two intervals with width v and w. That is, the

intervals have the ranges (A− v,A] and (A,A+ w], respectively. Let qv and qw be the prob-

abilities assigned to the intervals. The corresponding triangular distribution has the mean

µ = A− v +B/2 and the variance σ2 = B2/24. One therefore needs to calculate the length

of the base of the triangle, B, as done below.

Case 2.1 v > w i.e. the larger interval is on the left

Case 2.1.1 if qw ≤ 2
(

w
v+w

)2
One can pin the left endpoint a = A− v, then using F (A) = P (A− v < x ≤ A) = qv =

1− qw solve for the right endpoint b

b = A− v

( √
qw

√
qw −

√
2

)

B = b− a = v

(
1−

√
qw

√
qw −

√
2

)

Case 2.1.2 if 2
(

w
v+w

)2
≤ qw ≤ 1

2

Then one can set b = A+ w and solving for a yields

a = (A+ w)−
√
2

√
qw

w

B = b− a =

√
2

√
qw

w

Case 2.1.3 if qw > 1
2 which means, there is more probability in the right interval and we

can proceed as if the intervals are of the same length. We can pin the right endpoint of the

support b = A+ w, and F (A) = qv. Solving for a
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a = b− w

( √
2√

2−√
qv

)

B = b− a =
2
√
qv −

√
2

√
qv −

√
2
w

Case 2.2 v < w i.e. the larger interval is on the right

Case 2.2.1 if qv ≤ 2
(

v
v+w

)2
Then one can let b = A+ w and using F (A) = qv

a = A+

√
qv

√
qv −

√
2
w

B = b− a = w

(
1−

√
qv

√
qv −

√
2

)

Case 2.2.2 if 2
(

v
v+w

)2
< qv ≤ 1

2

Then one can let a = A− v and solving for b

b = A+ v

(√
2−√

qv√
qv

)

B = b− a = v

(√
2−√

qv√
qv

− 1

)
Case 2.2.3 if qv ≥ 1

2

Then we can proceed as if the intervals have the same length. Then we can fix the left

endpoint a = A− v as before and solve for b

b = A− v

( √
qw

√
qw −

√
2

)

B = b− a =

(
1−

√
qw

√
qw −

√
2

)
v

Case 2.3 v = w, i.e. the two intervals are of equal length

Case 2.3.1 if qv ≥ 1
2 , then we can fix the left endpoint a = A− v and solve for b

b = a− v

( √
2

√
qw −

√
2

)

B = b− a =

(
1−

√
qw

√
qw −

√
2

)
v
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Case 2.3.2 if qv < 1
2 , then we can fix the right endpoint at b = A+ w and solve for a

a = b− w

( √
2

√
qw −

√
2

)

B = b− a =
2
√
qv −

√
2

√
qv −

√
2
w

Case 2.3.2 if qv = 1
2 , then we can simply pin a = A− v and b = A+ w

Case 3 The forecasters uses three or more bins. In this case, we assume a normal

distribution and minimize the function

min
µ,σ

1

K

K∑
k=1

[(Φ (Ak, µ, σ)− Φ (Ak−1, µ, σ))− qk]
2

where K is the number of bins, Ak denotes the upper bound of the k-th interval, Φ(Ak, µ, σ)

is the value of the CDF of the normal distribution with mean µ and standard deviation σ at

Ak, and qk denotes the probability assigned to the k-th interval by the forecaster. We have

Φ(A0, µ, σ) = 0 and Φ(A1, µ, σ) = 1 because of A0 = −∞ and AK = ∞.

In rare cases, the fitted standard deviation of a normal distribution can be marginally

smaller than the standard deviation of a one-bin triangular distribution. This happens, for

instance, if the probabilities 0.1, 99.8, and 0.1 are assigned to three adjacent bins with equal

width. In these rare cases, we set the standard deviation to the value corresponding to a

one-bin triangular distribution applied to the narrowest bin.

B Appendix: Seasonally-adjusted inflation uncertainty series
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Figure 11: Seasonally-adjusted residual series of GDP deflator growth (left panel), core CPI
inflation (middle panel), and core PCE inflation (right panel) uncertainty. The red vertical
line indicates date of change in bin widths for GDP deflator growth. Shaded areas indicate
recessions as dated by the NBER.
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Figure 12: Absolute values of residuals of AR(1)-processes for seasonally-adjusted GDP
deflator growth (left panel), core CPI inflation (middle panel), and core PCE inflation (right
panel). The red vertical line indicates date of change in bin widths for GDP deflator growth.
Shaded areas indicate recessions as dated by the NBER.

C Estimates of individual elasticities

We estimate the individual values of γn by considering each forecaster in the sample from

2010 to 2019 who made at least one forecast before 2014 and at least one forecast since

2014. One could attain more precise individual estimates by requiring more observations

per subsample, but this would come at the cost of excluding more forecasters. As for the

estimation of the aggregate elasticity γ, we impose the restriction that γn does not depend on

the forecast horizon. For each forecaster, we employ the specification of regression equation

(8) with that forecaster’s uncertainty σπ
n,j|t,i as the dependent variable. Hence, we estimate

ln
(
σπ
n;j|t,i

)
= cn;i,j + γn ln

(
xπt,i
)
+ εn;t,i,j (22)

for each n, where xπt,i is the same as in equation (8).

Note that the estimate of the aggregate elasticity γ relies on a sample containing all

forecasters who made at least one forecast in the sample 2010 to 2019. Thus, the number

of forecasters entering the estimation of γ is larger than in the sample used to estimate the

γn’s, although we consider the largest possible number of forecasters for the latter case.

Our sample to estimate the individual γn’s contains 46 forecasters. The histogram of

these estimates, displayed in Figure 13, has a hump-shaped form. Thus, there is no evidence

of bimodality, suggesting the absence of distinct groups of forecasters with γn ≈ 0 and γn ≈ 1,

respectively. There are estimates below 0 and above 1, which are likely due to parameter

estimation error. The average across all estimated γn’s equals 0.64, which is close to the value

of 0.56 estimated for the aggregate elasticity γ. If we set the outliers being smaller than 0 to

0, and the outliers being larger than 1 to 1, the average across the γn’s equals 0.620. Note

that the relation between the γn’s and the aggregate elasticity γ depends on the correlation

between the individual uncertainty forecasts σπ
n;j|t,i and the individual elasticities γn. If, for

instance, forecasters with larger elasticities also tend to report higher uncertainties, γ will

exceed the average across the γn’s.
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Figure 13: Histogram of estimates of γn based on the sample 2010 to 2019. The dashed red
line indicates the average across the estimates.

D Appendix: Full-sample results for average forecast uncer-

tainty
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Figure 14: Average forecast uncertainties σh (unadjusted) and σ̃h (break-adjusted) and

calibration uncertainty
√

Sh +Dh for GDP deflator growth (left panel) and real GDP growth
(right panel) for the full sample 1983 to 2024
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Table 9: Calibration-uncertainty-based bin widths, full sample

PGDP growth RGDP growth
x∗h x̂∗h r (x∗h) r (x̂∗h) x∗h x̂∗h r (x∗h) r (x̂∗h)

h = 7 2.71 2.71 2.50 2.50 3.13 3.13 3.00 3.00
h = 6 2.56 2.56 2.50 2.50 2.95 2.95 3.00 3.00
h = 5 2.26 2.26 2.50 2.50 2.91 2.91 3.00 3.00
h = 4 1.97 1.97 2.00 2.00 2.81 2.81 3.00 3.00
h = 3 1.67 1.67 1.50 1.50 2.46 2.46 2.50 2.50
h = 2 1.39 1.47 1.50 1.50 1.26 1.26 1.50 1.50
h = 1 1.28 1.47 1.50 1.50 0.94 1.13 1.00 1.00
h = 0 1.75 1.47 2.00 1.50 1.31 1.13 1.50 1.00

Note: US SPF bin widths (in pp) making the average forecast uncertainty
(approximately) equal to the calibration uncertainty for the sample 1983 to
2024. x∗

h leads to equality, x̂∗
h enforces monotonicity with respect to h. r(•)

rounds both types of bin widths to multiples of 0.5.
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