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Abstract

This paper examines the predictive relationship between the distribution of realized inflation
in the US and measures of inflation expectations from households, firms, financial markets, and
professional forecasters. To allow for nonlinearities in the predictive relationship we use quantile
regression methods. We find that the ability of households to predict future inflation, relative to
that of professionals, firms, and the market, increases with inflation. While professional forecast-
ers are more accurate in the middle of the inflation density, households’ expectations are more
useful in the upper tail. The predictive ability of measures of inflation expectations is greatest
when combined. We show that it is helpful to let the combination weights on different agents’
expectations of inflation vary by quantile when assessing inflationary pressures probabilistically.
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1 Introduction

Economic agents’ expectations of future inflation play an important role both in monetary policy

deliberations and in academic research studying the dynamics of inflation. This is because of the

recognition, informed by a large body of research, that short-run expectations of future inflation in-

fluence wage- and price-setting behavior, which in turn affect future spending and realized inflation.1

Policymakers closely monitor both agents’ short-run and long-run expectations of future inflation.2

Short-run expectations are an important input when assessing the monetary policy stance, as they

feed directly into the calculation of short-run real interest rates; long-run inflation expectations are

helpful in assessing the degree to which expectations are anchored around the central bank’s inflation

target.

Forward-looking measures of inflationary expectations are in turn a key component in new Keyne-

sian dynamic stochastic general equilibrium (DSGE) models, the workhorse macroeconomic model.

But there is growing appreciation that expectations are not rational and that agents devote more

resources to forming their expectations at times of greater uncertainty; for example, see Coibion

and Gorodnichenko (2015). This suggests that the utility of measures of expected inflation may be

higher precisely at times when uncertainty about the future path of inflation is higher and, accord-

ingly, policymakers are looking especially hard for a signal about inflationary prospects. Practically,

for policymakers concerned with forecasting future inflation and understanding the drivers of infla-

tionary expectations, often with an eye on anchoring longer-run expectations, direct estimates of

agents’ subjective inflationary expectations are therefore an important resource.3 Increasingly, as
1Werning (2022) emphasizes that it is short-run inflation expectations (i.e., the horizon over which prices are

sticky) that are most relevant for wage- and price-setting behavior.
2As one example of this practice (taken from https://www.clevelandfed.org/research/economists/mester-loretta

-j/sp-20220926-inflation-inflation-expectations-and-monetary-policymaking-strategy), which also serves to motivate
this paper, in a September 26, 2022 speech President Mester of the Cleveland Fed explains that “One difficulty in
moving from theory to practice is that inflation expectations are not directly observable. So we look at a number
of measures, which differ by type of agent and time horizon.... A clear signal is not always forthcoming because the
inflation expectations of different groups of agents can behave differently from one another, even within groups there
can be variation, and the literature has not firmly established whose expectations are most important for inflation
dynamics.”

3There is now a considerable empirical literature that uses direct measures of expectations to forecast inflation.
Ang et al. (2007) find that measures of short-run expectations from both households and professionals, as elicited by
surveys, are hard to beat using model-based forecasts, although Trehan (2015) finds that predictive performance has
deteriorated more recently. Incorporating longer-run estimates of inflationary expectations within time-series models
has also been found to improve their accuracy; e.g., see Faust and Wright (2013), Zaman (2013), Chan et al. (2018),
and Tallman and Zaman (2020). Piger and Rasche (2008) find that expectations measures “trump” the gap, in terms
of explaining actual inflation dynamics.
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reviewed in Weber et al. (2022), these data are available at the micro-level and for different types

of economic agents. At times, the inflation expectations of these different types of agents can show

marked deviations. This raises questions for policymakers about whose inflationary expectations

they should track, how much weight they should attach to them, and whether the predictive content

of alternative measures of expectations varies with the prevailing level of inflation.

To illustrate this uncertainty, panel (a) of Figure 1 plots one-year-ahead (averaged) expectations

of inflation for households, professionals (leading business economists), firms, and as extracted from

financial market data.4 The bottom panel of Figure 1 plots their corresponding long-run expectations

of inflation.5 Figure 1a shows that, since the early 2000s, households’ expectations have been both

higher and more volatile than the expectations from professional forecasters. Expectations from the

market are also much lower, although quite volatile. A similar picture is seen when looking at agents’

long-run expectations plotted in panel (b). However, there is less volatility, with the expectations

of professionals anchored around 2 percent since 2000.

To further evidence the underlying heterogeneity across agents, as emphasized in work, for exam-

ple, by Binder (2015), Figures 2a, 2b, and 2c break down households’ expectations averaged by age,

education, and income groups. These figures show that less educated and lower-income households

tend to have higher and more volatile expectations. The plots also reveal that older households tend

to have less volatile, but generally higher, expectations than younger households. The higher volatil-

ity in inflation expectations of the younger households is consistent with the findings in Malmendier

and Nagel (2016), who document that younger people revise their expectations “more strongly” than

older people in response to inflation surprises. In a similar vein, Pedemonte et al. (2023) find that

since the inflation surge of 2021, older individuals have higher inflation expectations, consistent with

their forming their expectations by drawing on their memory of the higher inflation they experienced

in the 1970s.

It is these empirical features, seen in Figures 1 and 2, that motivate this paper. We show that a

useful way of understanding these heterogeneities is to interpret them through the lens of a (reduced-

form) model of the full conditional distribution of inflation. When using these expectations data to
4These data are introduced and defined in Section 2.
5The average across households is the median, in keeping with how these data are commonly reported and used.

The average across the professionals, firms, and financial markets is the mean, again consistent with common practice.
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Figure 1: Inflation Expectations Measures Across Different Agents

Notes: Panel (a) plots average one-year-ahead inflation expectations of households (from the Michigan Survey of
Consumers), professionals (from Blue Chip), markets (from the Cleveland Fed model), and firms/businesses (from
the Atlanta Fed business inflation expectations survey: inflation expectations are measured as the expected change
to unit costs). Panel (b) plots the corresponding longer-term expectations; expectations of households are defined as
the median expected inflation rate during the next five years; for professionals we use the 7- to 10-year-ahead CPI
consensus forecast; for markets we use the expected inflation rate over the next 10 years; and for firms/businesses we
use the mean expected change to unit costs per year over the next 5 to 10 years.
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Figure 2: One-Year-Ahead Inflation Expectations Across Household Demographics

forecast inflation we find important nonlinearities. Specifically, we use predictive quantile regressions

(QRs) to show that households’ expectations, in particular, have more predictive content for future

inflation when inflation is high (relative to its mean) rather than when it is low. This empirical

finding is consistent with “rational (in)attention,” namely, that households find it beneficial to invest
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more in the construction of their forecasts when inflation is high.6 If this nonlinearity is ignored, as is

common when forecasting the conditional mean alone, we show that one would mistakenly conclude

that households’ expectations are less informative than those of professionals. This explains why

previous research that focuses on point forecasts (that is, conditional mean estimates), such as

Carroll (2003), Ang et al. (2007), Trehan (2015), Meyer et al. (2021), and Verbrugge and Zaman

(2021), has found that households forecast less well than professional forecasters. Our results show

that while this is true when forecasting the center of the inflation density, it does not hold in the

tails.

Although our focus is on short-run expectations, we also investigate the joint predictive content

of both short- and long-run inflation expectations in forecasting inflation one year through three

years ahead. We might expect long-run expectations to better capture agents’ confidence in the

central bank’s commitment to price stability than provide accurate forecasts of short-run inflation.

In contrast, given the putative long-and-variable lags of monetary policy, short-run expectations

of inflation should be relatively unaffected by beliefs about the conduct of monetary policy and,

thus, should better forecast near-term inflation. In any case, our empirical approach lets the data

decide how much weight when forecasting inflation probabilistically to place both on alternative

agents’ expectations and on short- versus long-run expectations. Importantly, our proposed quantile-

based combination approach lets these weights vary by quantile. It provides a way to reconcile

the heterogeneous expectations from different agents to form “optimal” (specifically, continuous

ranked probability score (CRPS) minimizing) combined density forecasts of inflation. Policymakers

are known to track and scrutinize a variety of expectations measures, as evidenced by the recent

development of the Fed’s Index of Common Inflation Expectations (CIE); see Ahn and Fulton

(2021). But rather than, like the CIE, extract from these alternative expectations series a composite

measure that, in effect, attaches a high weight to those expectations measures that happen to

correlate highly with others, our approach is to combine these different measures to produce CRPS

minimizing density forecasts of future inflation itself.

The plan of the remainder of this paper is as follows. Section 2 explains the data on actual
6See Maćkowiak et al. (2023) for a review of rational inattention. Nonlinearities in the relationship between

expectations and subsequent outcomes have also been emphasized in rational expectations models when there are
regime shifts; see Hajdini and Kurmann (2023).

5



inflation and expected inflation that we use. Section 3 then describes the predictive QR approach

used to model the relationship between the density for realized inflation and the various measures

of expected inflation. Section 4 reports the in-sample empirical results evidencing, notably, the

nonlinear relationship between inflation and households’ inflation expectations. Section 5 reports

supporting out-of-sample results. Section 6 concludes. Online appendices contain supplementary

empirical results as referenced in the main paper.

2 Inflation Expectations and Realizations Data

We make use of data on monthly realized inflation and inflation expectations. The inflation expec-

tations of households are measured by the University of Michigan Surveys of Consumers over the

next one year and over the next five years.7 Inflation expectations of professionals are measured by

Blue Chip Economic Indicators. We consider Blue Chip’s one-year-ahead and 7- to 10-year-ahead

consensus forecasts of consumer price index (CPI) inflation. Inflation expectations of firms over the

next year are measured by the Federal Reserve Bank of Atlanta’s business inflation expectations sur-

vey. But as this survey begins much later (in 2011) than our other expectations measures, impeding

time-series analysis, we do not consider it further in the main paper and instead analyze it sepa-

rately in the online appendix (as referenced below when we discuss results for the other measures).

A financial-market-based measure of inflation expectations is estimated using the model developed

by the Federal Reserve Bank of Cleveland.8 We use this model’s reported estimates of expected

inflation over the next one year, next five years, and next 10 years. Our primary focus is on use

of the aggregated expectations data for each type of agent (households, professionals, firms, and

markets). However, in the case of household expectations, as anticipated above, we also consider

expectations data by age, income, and education level. These data again come from the University
7The University of Michigan (Surveys of Consumers) releases preliminary estimates of households’ expectations

toward the beginning of each month based on the responses of approximately 420 respondents. Toward the end of
each month it then releases a “final” estimate based on approximately 600 household respondents. In this paper, we
use the final estimate. For more details, see https://data.sca.isr.umich.edu/faq.php.

8The Cleveland Fed model (Haubrich et al. (2012)) estimates inflation expectations using data that include nominal
yields from US Treasury securities, survey forecasts, and inflation swap rate data. Specifically, the model estimates
and factors out an inflation risk premium from financial market data, partly on the basis of the inflation expectations
of professional economists (Blue Chip Economic Indicators and the Survey of Professional Forecasters). The removal
of this risk premium is very important. Previous work (Ang et al. (2007), Bauer and McCarthy (2015), and Mertens
(2016)) finds that the forecast accuracy of “raw” financial-market-based inflation expectations is significantly inferior
because of this risk premium.
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of Michigan Surveys of Consumers.

We then examine the predictive relationship of each of these inflation expectations series with

realized CPI inflation (one year, two years, and three years ahead). We repeat the examination

replacing CPI inflation with its three main disaggregates: core CPI, food CPI, and energy CPI

inflation. Accordingly, we collect and compute year-over-year inflation rates (that is, 12-month

trailing rates) of CPI inflation and its three disaggregates using seasonally unadjusted data. In the

main part of this paper we focus on results for CPI inflation, but when relevant, we summarize

findings for the three disaggregates.9

Our main analysis, because of data limitations, is over the sample period January 1986 through

August 2022. It therefore misses the so-called Great Inflation period. However, inflation expectations

data for households and financial markets, albeit not for professionals, are available prior to 1986.

So in a supplementary set of exercises just for households and financial markets, we consider earlier

samples that include the Great Inflation as well as the aforementioned more recent sample that

contains data for firms’ expectations. These exercises serve as robustness checks to ascertain if our

empirical results differ over both shorter and longer sample periods. In general, we find results to

be robust.10

3 Empirical Approach: Predictive Quantile Regressions

We follow a growing literature in empirical macroeconomics in using quantile regressions (QRs) to

model the relationship between the full distribution of the variable of interest (in our case, future

inflation) and a set of driving variables (for example, inflation expectations measures) flexibly. Adrian

et al. (2019) [henceforth ABG] found quantile regressions useful in revealing nonlinearities in how

financial conditions affect GDP growth. López-Salido and Loria (2020) extend ABG’s analysis of

growth-at-risk to consider “inflation-at-risk.” As emphasized by Manzan (2015), the attraction of

QRs in our context is that the relative informativeness of expectations for future inflation may well
9All data, with the exception of household expectations by demographic group, are downloaded via Haver Analytics

(Wolters Kluwer Legal and Regulatory Solutions U.S. (Blue Chip)).
10Recently, there has been increased attention paid to collecting households’ (e.g., Cleveland Fed’s consumers and

COVID-19 survey: https://www.clevelandfed.org/indicators-and-data/consumers-and-covid-19) and firms’ (e.g.,
Cleveland Fed’s SoFIE: https://www.clevelandfed.org/indicators-and-data/survey-of-firms-inflation-expectations)
expectations data at the micro-level. But many of these surveys do not extend far enough back in time to permit
historical time-series analysis of the sort undertaken in this paper.
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vary by quantile of the conditional density.

Specifically, we consider predictive QRs of the following form that relate the τ -th quantile of

(subsequently observed at horizon, h) realized inflation, πt+h, to πe
t , a d−dimensional vector of

conditioning variables including our measures of inflationary expectations (both individually and

combined across agents), lagged actual inflation, and an intercept:

(1) Qτ (πt+h|πe
t ) = πe

t
′βτ ,

where τ ∈ [0.05, 0.10, ..., 0.90, 0.95] and h is the forecast horizon. The importance of including

lagged inflation in the set of conditioning variables is that if expectations are purely adaptive and

determined by past inflation, then measures of inflationary expectations should not provide value-

added in explaining future inflation. We refer to expectations determined by lagged inflation as

“naïve” expectations.11

Following Gaglianone and Lima (2012) and Korobilis (2017), we do not model quantiles in the

extreme tails, less than 0.05 and greater than 0.95, and instead rely on the fitted density (discussed

below) to quantify the extreme tails of the density. Estimating extreme quantiles with small samples

is well known to be challenging, with Chernozhukov (2005) suggesting the use of extremal methods.

Note that, following ABG, we focus on QR models with time-invariant parameters.

The QR slope, βτ , is chosen to minimize the weighted absolute sum of errors:

(2)

β̂τ = argmin
βτ

T−h∑
t=1

(τ.1(πt+h≥πe
t
′βτ )

∣∣πt+h − πe
t
′βτ

∣∣+ (1− τ).1(πt+h≤πe
t
′βτ )

∣∣πt+h − πe
t
′βτ

∣∣), τ ∈ (0, 1),

where 1(.) denotes an indicator function.

We focus on the predictive relationship between measures of inflationary expectations and infla-
11We note that due to differences in the timing of the elicitation of the survey responses across the different

survey measures and to account for the publication lag of the CPI inflation data, the lag of inflation that enters the
quantile regressions varies across the survey measures. To be more specific, CPI data for the previous month are
typically released in the second week of the current month. Both the household survey expectations (final estimate)
and financial markets expectations derived from the Cleveland Fed model are elicited (or computed) after this CPI
release, whereas the expectations of the professionals (from Blue Chip) and of the businesses (Atlanta Fed) are elicited
earlier in the month, that is, prior to the CPI release. Therefore, for the latter two cases, the CPI data are lagged two
months. For example, in the QRs relating future inflation to household and market expectations elicited in August
2021, the lagged CPI data relate to July 2021, and for professionals and businesses expectations, the lagged CPI data
relate to June 2021.
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tion.12 Our modeling methodology lets us determine if and how different measures of inflationary

expectations, both individually and in combination, vary by quantile in their informativeness for

future inflation. When we include within πe
t all of the different agents’ expectations, estimation of

(2) across τ amounts to a combination of the alternative measures of inflationary expectations in

a manner that delivers “optimal” density forecasts for inflation. Specifically, with the density fore-

casts constructed from the set of quantile forecasts, as described below, and the quantile forecasts

by construction minimizing the (in-sample) quantile score (the tick loss function seen in equation

(2)), the constructed combined density forecast by minimizing the quantile score at each quantile is

approximately (as the number of quantiles τ ∈ (0, 1) → ∞) minimizing the (in-sample) continuous

ranked probability score (CRPS). That is, the (combined) density forecast is constructed from a set

of quantile regressions that each “optimally” combine the different agents’ expectations at a given

quantile; cf. Giacomini and Komunjer (2005).13 The CRPS is a popular measure of density fit that

is the integral of the quantile scores (see Gneiting and Raftery (2007) and Gneiting and Ranjan

(2011)). The optimal combination weights on the competing measures of inflationary expectations

in principle then vary by quantile. This is to reflect the possibility that while some measures of

inflationary expectations may receive a high weight in one region of the inflation density, they may

receive a lower weight in another region.

We consider two ways of constructing density forecasts from the quantile forecasts:

(3) Q̂τ (yt+h|xt) = x′tβ̂τ .

First, we follow ABG and fit a skewed-t density to the quantile forecasts at τ = 0.05, 0.25, 0.75, 0.95.14

Second, to acknowledge that there is no reason to assume that the predictive density for inflation

is skewed-t, we follow Mitchell et al. (2022) and construct the density forecast from the 19 quantile

forecasts (τ = 0.05, 0.1, ..., 0.95) nonparametrically. To contrast the ABG densities, we label these

densities “NP” (nonparametric).
12A related literature considers whether additional variables, notably some measure of the output gap as motivated

by the Phillips curve (for example, see Binder (2015) and López-Salido and Loria (2020)) also contribute to our
understanding of inflation and inflation risks.

13Berrisch and Ziel (2021) formalize the conditions for CRPS minimization using QR. See also Aastveit et al. (2022)
for a related approach that assigns density forecast combination weights based on quantile scores.

14We gratefully make use of ABG’s replication code available at https://www.openicpsr.org/openicpsr/project/11
3169/version/V1/view.
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We compare both of these potentially asymmetric density forecasts, constructed allowing for

possible nonlinearities between inflation expectations and subsequent realizations of actual inflation,

with a linear Gaussian benchmark model. This model (labeled “OLS/Normal”) uses OLS to regress

realized inflation on the measures of inflation expectations and centers the point forecast for infla-

tion on the conditional mean forecast. The OLS/Normal density is then constructed around this

conditional mean forecast by assuming Gaussianity with the standard deviation of the density set

equal to the standard deviation of the residual from this linear predictive regression.15

We undertake both in-sample and out-of-sample analyses, aware that in-sample results need not

hold out-of-sample. The in-sample analysis in Section 4 is primarily conducted over the maximum

available sample period, 1986m1-2022m8. However, as explained in the data section above, we do

experiment with different sample periods for robustness. The out-of-sample forecast analysis in

Section 5 starts with data up to and including May 2000 being used to forecast inflation one year

ahead; this means that the first forecast error is computed by comparing the forecast against the May

2001 inflation realization. The final forecast is made in August 2021 for 2022 (one year ahead), with

the two- and three-year-ahead forecasts using data up to August 2020 and August 2019, respectively.

4 The Historical Predictive Relationship Between Inflation and Mea-

sures of Expected Inflation

4.1 Empirical Evidence for Nonlinearity

To characterize the conditional predictive distribution of inflation with respect to the various expec-

tations measures and to test for nonlinearities, Figure 3 plots the (in-sample) estimated slopes of

the QRs of (realized) inflation on each of the four expectations measures individually. In each panel

of Figure 3, the OLS slope is indicated, along with 95 percent confidence bands generated under the

null hypothesis that the true relationship between inflation and the expectations measure is linear.

Figure 3 shows that linearity is rejected for household expectations alone. The regression slopes

increase dramatically for households as the quantile increases, suggesting that households’ expecta-

tions are more informative for tail inflation outcomes than they are when inflation falls toward the
15We abstract from parameter estimation error.
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middle of its conditional density. Interestingly, as inflation drifts into the left tails of its distribution,

the regression slopes decrease sharply as the quantile decreases. The uncovering of this nonlinear

relationship of households’ inflation expectations with realized inflation is consistent with evidence

that when forming their inflation expectations, households put greater weight on price increases than

price decreases (see Cavallo et al. (2017) and D’Acunto et al. (2021)). This suggests that households

respond strongly to positive inflation surprises but more weakly to negative surprises.16

In contrast, both professional forecasters’ expectations and those from financial markets have

flatter but downward-sloping QR lines, suggesting a stronger relationship between their expectations

and inflation when inflation is low. Naïve expectations, however, do relate more strongly to actual

inflation when inflation is high. This is consistent with the findings in Wolters and Tillmann (2015)

and Tsong and Lee (2011), who also find upward-sloping QR lines when they estimate quantile

autoregressions in realized inflation.

Supplementary analysis reported in the online appendix repeats these QRs for each of the three

main disaggregates of inflation (core CPI, energy CPI, and food CPI).17 It finds that household

expectations are especially informative about future energy prices and, to a lesser degree, movements

in food prices. This suggests that it is the observed nonlinearity between household expectations and

energy prices that drives the nonlinear relationship seen in Figure 3 for aggregate one-year-ahead

CPI inflation. This is consistent with a growing body of research documenting the strong association

between household inflation expectations and changes in gasoline and food prices (for example, see

Campos et al. (2022), Weber et al. (2022), and Verbrugge and Zaman (2021)). Households appear

to pay close attention to these highly visible prices when forming their expectations. Breaking

households down into different demographic groups reveals similar evidence of nonlinearity, with

the degree of nonlinearity stronger for older, less than college educated, and lower-income groups

(see online appendix Figures A.8, A.9, and A.10). Turning to the professionals, the link between

inflation expectations and one-year-ahead energy inflation is stronger in the left tail. This suggests
16As Figures A.1 and A.2 in the online appendix show, this nonlinearity is not simply a feature of the inflation data

seen since the COVID pandemic. As the Michigan data do benefit from a longer sample period, we can re-estimate
the QR in Figure 3 over sample periods from 1978 through both 2007 (so over the Great Inflation period, but pre-
global financial crisis) and through the present day. In both cases, we again observe clear nonlinearities, with the QR
coefficients displaying an upward slope similar to that in Figure 3. This robustness of Figure 3 to the sample period
also extends to the professionals’ and the financial-market-based expectations. Figure A.3 repeats Figure 3 but on a
sample ending in 2007. Again we find that only household expectations have a nonlinear relationship with inflation.

17See Figures A.5, A.6, and A.7.
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that professionals take a greater signal from realizations of low energy-price inflation when forming

their expectations about future inflation, perhaps due to a belief that the shocks driving energy

prices down will prove more persistent than positive shocks.

4.2 Density Forecast Accuracy

To further assess the marginal and combined predictive power of the different agents’ inflationary

expectations, Table 1 reports two popular measures of the in-sample density fit of each of the four

expectations measures both individually and when combined. The benefits of combination are well-

established, including across different measures of inflation expectations (for example, see Ahn and

Fulton (2021) and Campbell et al. (2023)). Density fit is measured in two ways. First, we report the

CRPS, the aforementioned measure of how good forecasts are in matching observed outcomes across

the entire inflation distribution, averaged over the sample. Second, we report the tail-weighted

CRPS of Gneiting and Ranjan (2011) to focus on accuracy in the tails of the realized inflation

density. Computationally, we construct the densities from the quantile forecasts in the two ways

discussed in Section 3 above.

Recalling that lower CRPS estimates indicate greater forecast accuracy, Table 1 shows that there

are gains in forecast accuracy, both for CRPS as a whole and for the tail-weighted CRPS, when:

(1) combining information across all the expectations measures; (2) constructing predictive densities

allowing for nonlinear and non-Gaussian features, given OLS/Normal is consistently beaten; and

(3) that the choice between ABG and NP is not so important, although NP always delivers slightly

more accurate forecasts. We also observe that, of the different measures of expectations considered,

naïve expectations are the least accurate. Conditioning a density forecast of inflation on any of

the other expectations measures, or a combination of them, always improves accuracy, suggesting

that agents’ expectations are not simply backward-looking.18 Given our finding that both ABG and

NP produce similar densities, in the interests of brevity henceforth we confine discussion to the NP

density forecasts.

The analysis in Table 1 summarizes forecast accuracy averaged across both quantiles and time.
18Results presented in the online appendix confirm that these three results also hold for core CPI inflation.
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Figure 3: Estimated Quantile Regression Coefficients for the Different Agents

Note: Sample period: 1986m1-2022m8. The figure plots by quantile, τ , the in-sample estimated coefficients corre-
sponding to predictive QRs of 12-month-ahead CPI inflation on current inflation expectations measures (of 12-month-
ahead inflation) from each of the different agents. In each case, lagged inflation and an intercept are also included in
the QR. Naïve expectations refers to use of the current realized value of inflation as the 12-month-ahead expectation.
95 percent confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond
to the null hypothesis that the true data-generating process is a general bivariate linear model of CPI inflation and
inflation expectations (i.e., a VAR model with 12 lags).

To get a sense of how predictive performance may vary by quantile, Figure 4 plots the relative quan-

tile scores for each of the four inflation expectations measures in panels (a) through (d). Each panel
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Table 1: Density Forecast Accuracy Across Different Agents

(a) CRPS

Predictors(s): ABG NP OLS/Normal
Constant + QR QR
Lagged inflation +
Expectations of:

Households 0.782 0.779 0.820
Markets 0.762 0.756 0.785
Professionals 0.716 0.713 0.749
Naïve 0.803 0.801 0.821
Combined 0.694 0.688 0.747

(b) Tail-weighted CRPS

Predictors(s): ABG NP OLS/Normal
Constant + QR QR
Lagged inflation +
Expectations of:

Households 0.178 0.172 0.192
Markets 0.177 0.173 0.186
Professionals 0.165 0.164 0.179
Naïve 0.185 0.185 0.192
Combined 0.153 0.152 0.178

Note: Sample period 1986m1-2022m8. Panel (a) reports the CRPS averaged over the whole sample, panel (b) reports
the average tail-weighted CRPS. Results given for the density forecasts constructed using the QR method of ABG,
the nonparametric (NP) QR method of Mitchell et al. (2022), and assuming a linear Gaussian relationship (labeled
“OLS/Normal”). “Combined” involves combining, by quantile, the different agents’ expectations and then constructing
the density forecast from the combined quantile forecasts.

reports the relative quantile score, that is, the average quantile score of each specific agent’s expec-

tations relative to the combined expectations (of households, professionals, markets, and naïve). So,

values greater than one (on the y-axis) suggest that, for a given quantile (on the x-axis), combined

expectations are more accurate than individual expectations on average over the sample period. The

higher the ratio, the greater the gains of combined expectations. Regions where the line is colored

green indicate that these gains, at the given quantile, are statistically significant at the 10 percent

level, as judged by a Diebold and Mariano (1995) and West-type (1996) test of equality of the quan-
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tile scores. As is evident from the four panels, the predictive accuracy of the combination is superior

to all four measures of expectations individually, and the gains are generally statistically significant

across all quantiles. The predictive gains of the combination are smaller in the right tails compared

to the left tails, with the exception of professionals, for whom the gains from the combination are

comparable across the two tails.

Figure 4: Density Forecast Accuracy by Quantile: Quantile Scores for the Different Agents

Note: Sample period 1986m1-2022m8. Each panel reports the relative quantile score, that is, the average quantile
score of each specific agent’s expectations relative to the optimally combined expectations (of households, professionals,
markets, and naïve) denoted “Combined.” Ratios greater than one (on the y-axis) indicate that, for a given quantile
(on the x-axis), combined expectations are more accurate than individual expectations. Regions where the line is
colored green indicate that gains (or losses), at the given quantile, are statistically significant at the 10 percent level,
as judged by a Diebold and Mariano (1995) and West-type (1996) test of equality of the quantile scores.

Figure 5 then compares, for each of the expectations measures individually, the quantile scores

of the QR density (constructed using NP ) relative to those of the OLS/Normal density. This time a

ratio greater than one indicates that the QR density is more accurate than OLS/Normal at a given

quantile. For each of the four measures of expectations, we see gains to relaxing the Gaussianity
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Figure 5: Density Forecast Accuracy by Quantile: Relative Quantile Scores for OLS/Normal vs.
QR(NP)

Note: Sample period 1986m1-2022m8. Each panel reports the relative quantile scores of the QR density (constructed
using NP) relative to those of the OLS/Normal density. Values greater than one (on the y-axis) indicate that the QR
density is more accurate than OLS/Normal at a given quantile. Regions where the line is colored green indicate that
the gains (or losses), at the given quantile, are statistically significant at the 10 percent level, as judged by a Diebold
and Mariano (1995) and West-type (1996) test of equality of the quantile scores.

assumption. These gains in forecast accuracy are statistically significant at most quantiles.

4.3 Features of the Density Forecasts for Inflation Conditional on Inflationary

Expectations

To understand what empirical features these improved densities exhibit, in Figure 6 we plot the

5, 25, 50, 75, and 95 percent quantiles of the one-year-ahead CPI predictive densities conditional

on household (panel (a)), market (panel (b)), and professional (panel (c)) measures of inflationary

expectations. In each case, the density also conditions on lagged realizations of inflation. Comparison

with the quantiles from the analogous density conditional only on lagged inflation (shown in panel
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(d): denoted “naïve”) then reveals how much variation is introduced into the predictive densities by

conditioning on agents’ expectations.

Figure 6 reveals that each of the three direct expectations measures introduces extra temporal

variation into the quantiles. For example, focusing on the 5 and 95 percent quantiles, the standard

deviations (over the sample) of these two quantiles for household expectations are 0.7 and 1.0

compared to 0.3 and 0.4, respectively, for naïve. The corresponding standard deviations at the 5

and 95 quantiles for markets are 1.0 and 0.7 and for professionals 1.2 and 0.4, respectively. These

estimates suggest that at the 95th quantile household expectations introduce the most variation,

followed by market-based expectations. But at the 5th quantile, it is the expectations of professionals

that introduce the most variation, followed by the market-based measure.

Figure 7 plots the combined predictive densities, that is, the combination across all the short-

term expectations measures (households, markets, professionals, and naïve). It is striking how

uncertainty, as evidenced by the width of the intervals, has increased particularly since the oil

shocks of the mid-2000s and in the aftermath of the global financial crisis. But this trend increase

has been associated with considerably more-temporary variation: the standard deviation (over time)

of the 5 and 95 percent quantiles from the combined density increases to 1.2 and 1.0, respectively.

As we show next, at higher quantiles the QR model that includes all of the expectations measures

assigns a high weight to households’ expectations. At lower quantiles, it assigns higher weight to

the professionals. This explains the high standard deviation at both quantiles.

Figure 8 draws out additional properties of the predictive densities plotted in Figures 6 and 7. The

top panel in Figure 8 plots estimates of “uncertainty,” defined as the difference between the 5 percent

and 95 percent quantiles. There is strong evidence of time-variation in these uncertainty estimates

across all expectations measures. From 1986 through the late 1990s, households’ expectations have

the highest uncertainty, perhaps stemming from their exposure to the Great Inflation of the 1970s

and early 1980s. But from the late 1990s, market-based expectations exhibit more uncertainty. Since

COVID-19, however, households, markets, and professionals agree that there is more uncertainty

associated with future inflation.

Panel (b) of Figure 8 plots skewness (asymmetry) estimates, extracted from the density forecasts,

over time. There is strong evidence of time-varying and, in general, increasing positive skew for each
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of the agent-based density forecasts. This suggests that all agents believe that upside risks to

inflation are not only greater than downside risks but also that they have been growing over time.

When the different agents’ density forecasts are combined, while we see much more variation over

time in the degree of skewness of the (more accurate) combined density forecast, skewness is again

generally positive and increasing, especially since the early 2000s. The large discrepancy relative

to the skewness estimates from naïve expectations indicates how different backward- and forward-

looking estimates of inflation expectations can be in terms of their implications for future inflation.

Panel (c) of Figure 8 plots the kurtosis of the predictive densities over the evaluation sample. Again,

despite some volatility, we see kurtosis generally increasing over time. This is consistent with the

view that when forming their expectations, agents had a growing awareness that inflation could

surprise in the tails of the distribution. The kurtosis estimates tend to be greater than 3, confirming

the impression from looking at the skewness estimates that it is best not to view agents as forming

Gaussian densities for future inflation.
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Figure 6: One-Year-Ahead Predictive Densities for CPI Inflation Conditional on Each of the
Expectations Measures

Note: Evaluation sample: 1987m3-2022m8. Dates shown on the x-axis correspond to the forecast evaluation dates,
i.e., dates when the CPI realizations are observed. Blue line corresponds to the realization for CPI inflation. Plotted
are the 5, 25, 50 (solid red), 75, and 95 percent quantiles of the density forecast for year-ahead inflation, conditional
on lagged inflation and either inflation expectations of households, financial markets, or professionals. Naïve density
is conditional on lagged inflation only. Density constructed using NP.
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Figure 7: One-Year-Ahead Combined Predictive Densities for CPI Inflation

Note: Evaluation sample: 1987m3-2022m8. Dates shown on the x-axis correspond to the forecast evaluation dates,
i.e., dates when the CPI realizations are observed. Blue line corresponds to the realization for CPI inflation. Plotted
are the 5, 25, 50 (solid red), 75, and 95 percent quantiles of the density forecast for year-ahead inflation, conditional
on lagged inflation, expectations of households, financial markets, and professionals. Density constructed using NP.
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Figure 8: Properties of One-Year-Ahead Density Forecasts for CPI Inflation

Note: Evaluation sample: 1987m3-2022m8. Dates shown on the x-axis correspond to the forecast evaluation dates,
i.e., dates when the CPI realizations are observed. Uncertainty estimates plotted in panel (a) of the figure represent
the width between the 95th and 5th quantiles of the one-year ahead density forecasts. Densities are constructed using
NP. “Combined” denotes the optimal combination of households, professionals, markets, and naive expectations.
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4.4 Combination Weights

To understand the relative informativeness of the different agents’ expectations measures when

forecasting future inflation probabilistically, panel (a) in Figure 9 plots the in-sample combination

weights from both our preferred QR approach and from OLS/Normal. This panel reveals that

the optimal weights on the different agents vary by quantile and strongly differ from what would

be obtained if linearity was incorrectly assumed (cf. OLS). While the weight on the professional

forecasters is highest at lower quantiles, in the upper right tail the weight on households rises sharply.

Anticipating our out-of-sample analysis in Section 5, panel (b) plots the recursively estimated

combination weights at the 95 percent quantile. This involves estimating the underlying QRs on

expanding windows of data, mimicking real-time use. At the 95 percent quantile, we see that

households have received a higher weight than professionals since 2007. The weight on households

increases sharply in the post-pandemic era, with the increase in realized and expected inflation.

Panel (c) of Figure 9 turns to the 5 percent quantile, again plotting the temporal evolution of

the recursively computed optimal combination weights. Contrasting the right tail, in the left tail we

see that professionals consistently receive the highest weight, implying that their expectations are

more informative about low inflation outcomes.

These three “facts” suggest that metrics such as the aforementioned Federal Reserve Board’s CEI

measure (Ahn and Fulton (2021)), which combines measures of inflation expectations to construct a

composite measure, are sensibly distilling information across alternative estimates of future inflation.

But these facts indicate that weighting different measures of inflationary expectations equally across

the density is not optimal empirically, especially when forecasting high inflation outcomes.

4.5 More on the Heterogeneity of Expectations

The following two sub-sections summarize (with the results presented in the online appendix)

whether: (a) the predictive content of households’ expectations varies across demographic groups;

and (b) there is value-added in longer-run expectations of inflation.

22



Figure 9: Combination Weights

Notes: In panel (a), the combination weights are the quantile coefficients from the predictive QRs estimated using
data from 1986 through August 2021. In panels (b) and (c), the time-varying weights are the coefficients from the
predictive QRs recursively re-estimated with expanding windows of data from May 2000 through August 2021. This
is the same sample period used in our out-of-sample forecasting exercise. The x-axis in panels (b) and (c) refers to
the forecast origin dates (May 2000 through August 2021).
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4.5.1 Household Expectations by Various Demographic Groups

Binder (2015) finds that expectations from high-income, college-educated, male, and working-age

households have the greatest weight in linear Phillips curve models for inflation. Our empirical

analysis (see Figure A.11 in the online appendix) confirms that this is the case for middling quantiles

(the 50th through 60th quantiles). But at most other quantiles the expectations of specific sub-groups

of households are less accurate than when household expectations are aggregated. In addition, we

find that at higher quantiles (in the right tail), less educated households have a stronger predictive

relationship with future inflation than aggregated household expectations or other sub-groups. As

with our earlier findings for professional economists, this is consistent with the view that more

educated households form their inflation expectations conditioning on the view that the central bank

is committed to returning inflation to low values, and hence their expectations are less informative

as inflation deviates from the central bank’s (implicit or explicit) target.

4.5.2 Marginal Value of Long-Run Survey Expectations

A growing body of research has shown the utility of long-run survey expectations in improving

model-based density forecasts of future inflation (for example, see Chan et al. (2018); Tallman and

Zaman (2020); Bańbura et al. (2021)). We compare the predictive performance of QR-based inflation

density forecasts with and without long-run survey expectations. We find (see Figure A.12 in the

online appendix) that for each type of agent (households, markets, and professionals) long-run survey

expectations improve predictive accuracy across the inflation distribution.19

5 Out-of-Sample Predictive Power

In this section, we report findings when we extend our analysis out-of-sample (OOS). Specifically, we

repeat the exercises performed thus far using the full sample (that is, in-sample) on a recursively ex-

panding window of data from May 2000 to August 2021 to mimic real-time forecasting. Importantly,

this OOS exercise involves recursively generating one-year-ahead predictive inflation densities. For

brevity, results of the OOS exercise are presented in the online appendix and we summarize the
19Similar gains are seen when forecasting inflation both 24 and 36 months ahead (see Figures A.16 and A.17 in the

online appendix).
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main takeaways here.

The density forecast accuracy comparison reported in Table A.1 echoes the main takeaways

from our in-sample analysis. Forecast accuracy gains, both for the CRPS as a whole and for the

tail-weighted CRPS, are seen when: (1) we optimally combine information across the different expec-

tations measures; and (2) we construct predictive densities allowing for nonlinear and non-Gaussian

features. We find that of the alternative expectations measures considered, naïve expectations are

the least accurate. Conditioning a density forecast of inflation on any of the other expectations mea-

sures, or a combination of them, always improves accuracy. As is the case in-sample, incorporating

information from the agents’ long-run survey expectations further improves predictive accuracy (see

Figure A.15). However, the magnitude of the gain is small compared to the in-sample results that

benefit from a longer sample period.

Finally, we note that when we use a Rossi and Sekhposyan (2019) test to assess the absolute

calibration of the OOS predictive densities using the probability integral transforms, we again find

(see Figure A.14 in the online appendix) that households’ expectations deliver the most accurate

forecasts of future inflation in the upper tail of the inflation distribution. In contrast, the accuracy

of professional forecasters deteriorates in the upper tail. This serves to reinforce the central result in

this paper that when modeling and forecasting inflation, it pays to combine alternative expectations

measures, but in a manner that lets the weight on households’ expectations increase with inflation.

6 Conclusions

Extending Binder (2015) and Coibion and Gorodnichenko (2015), who implicitly focus on modeling

the conditional mean of inflation, we show that the ability of household expectations of inflation to

predict future inflation, relative to that of professional forecasters, firms, and market-based measures,

increases with inflation. Some households are even better than others. Acknowledging this nonlin-

earity leads to more accurate density forecasts, especially in the tails. It also delivers conditional

density forecasts for inflation that are highly non-Gaussian.

Our empirical results have implications for models of expectations formation in macroeconomics.

They support the view that economic agents form expectations subject to information frictions, as

25



in sticky-information or noisy-information models. Our results are consistent with the view that for

professional forecasters these frictions are both smaller and constant across the inflation distribu-

tion. Instead, for households, these frictions decrease as inflation increases, such that households’

expectations of (high) inflation become more informative as the costs of inattention rise.

Econometrically, building on the growing literature in empirical macroeconomics that finds quan-

tile regression is a helpful way of modeling nonlinearities, our paper provides a simple data-based

approach of combining different agents’ expectations of inflation when assessing inflationary pres-

sures in probabilistic terms. It shows that strategies, like that used in the Federal Reserve Board’s

Index of Common Inflation Expectations, that implicitly weight different measures of inflationary ex-

pectations equally across the density may not be optimal, especially when forecasting high-inflation

outcomes. Our results imply that policymakers should be especially attuned to households’ expec-

tations of inflation when modeling and forecasting in high-inflation environments.
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A Online Appendix for “The Distributional Predictive Content of

Measures of Inflation Expectations” by James Mitchell and Saeed

Zaman

A.1 Sample Robustness

A.1.1 The Relationship Between Household Expectations and Realized Inflation: 1978-

2022 and 1978-2007

Figure A.1: Estimated Quantile Regression Coefficients: 1978-2022

Note: Sample period 1978m1-2022m8. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month-ahead CPI inflation on households’ current inflation expectations measures (of 12-month-
ahead inflation). 95 percent confidence bands for linearity are constructed following ABG.

A1



Figure A.2: Estimated Quantile Regression Coefficients: 1978-2007

Note: Sample period 1978m1-2007m12. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month-ahead CPI inflation on households’ current inflation expectations measures (of 12-month-ahead
inflation). 95 percent confidence bands for linearity are constructed following ABG.
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A.1.2 Results over the Sample 1986-2007

Figure A.3: Estimated Quantile Regression Coefficients

Note: Sample period 1986m1-2007m12. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month-ahead CPI inflation on current inflation expectations measures (of 12-month-ahead inflation).
Naïve expectations refers to using the current value of inflation as the 12-month-ahead expectation. 95 percent
confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond to the null
hypothesis that the true data-generating process is a general bivariate linear model of CPI inflation and inflation
expectations (i.e., a VAR model with 12 lags).
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A.1.3 Results over the Sample 2011 - 2022 with Measures of Business Expectations

Included)

Figure A.4: Estimated Quantile Regression Coefficients: Comparison including the Atlanta Fed’s
Business Expectations

Note: Sample period: 2011m12-2022m8. The figure plots the in-sample estimated coefficients corresponding to
quantile regressions of 12-month-ahead CPI inflation on current inflation expectations measures (of 12-month ahead
inflation). Naïve expectations simply refers to using the current value of inflation as the 12-month-ahead expectation.
95 percent confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond
to the null hypothesis that the true data-generating process is a general bivariate linear model of CPI inflation and
inflation expectations (i.e., a VAR model with 12 lags).
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A.2 Results for the Disaggregates of CPI Inflation

A.2.1 Core CPI Inflation

Figure A.5: Estimated Quantile Regression Coefficients for Core Inflation

Note: Sample period 1986m1-2022m8. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month-ahead core CPI inflation on current inflation expectations measures (of 12-month ahead
inflation). Naïve expectations refers to use of the current value of inflation as the 12-month-ahead expectation. 95
percent confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond to
the null hypothesis that the true data-generating process is a general bivariate linear model of CPI core inflation and
inflation expectations (i.e., a VAR model with 12 lags).
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A.2.2 Food CPI Inflation

Figure A.6: Estimates of Quantile Regression Coefficients for Food Inflation

Note: Sample period: 1986m1-2022m8. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month ahead food price inflation on current inflation expectations measures (of 12-month ahead
inflation). Naïve expectations refers to use of the current value of inflation as the 12-month-ahead expectation. 95
percent confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond to
the null hypothesis that the true data-generating process is a general bivariate linear model of food price inflation
and inflation expectations (i.e., a VAR model with 12 lags).
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A.2.3 Energy CPI Inflation

Figure A.7: Estimated Quantile Regression Coefficients for Energy Inflation

Note: Sample period: 1986m1-2022m8. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month ahead energy CPI inflation on current inflation expectations measures (of 12-month ahead
inflation). Naïve expectations refers to use of the current value of energy inflation as the 12-month-ahead expectation.
95 percent confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond
to the null hypothesis that the true data-generating process is a general bivariate linear model of energy inflation and
inflation expectations (i.e., a VAR model with 12 lags).
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A.3 Results for Household Demographic Groups

A.3.1 Breakdown by Age

Figure A.8: Estimated Quantile Regression Coefficients by Household Age

Note: Sample period: 1986m1-2022m8. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month-ahead CPI inflation on current inflation expectations measures (of 12-month-ahead inflation).
95 percent confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond
to the null hypothesis that the true data-generating process is a general bivariate linear model of CPI inflation and
inflation expectations (i.e., a VAR model with 12 lags).
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A.3.2 Breakdown by Education

Figure A.9: Estimated Quantile Regression Coefficients by Household Education

Note: Sample period 1986m1-2022m8. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month-ahead CPI inflation on current inflation expectations measures (of 12-month-ahead inflation).
95 percent confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond
to the null hypothesis that the true data-generating process is a general bivariate linear model of CPI inflation and
inflation expectations (i.e., a VAR model with 12 lags).
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A.3.3 Breakdown by Income

Figure A.10: Estimated Quantile Regression Coefficients by Household Income

Note: Sample period 1986m1-2022m8. The figure plots the in-sample estimated coefficients corresponding to quantile
regressions of 12-month-ahead CPI inflation on current inflation expectations measures (of 12-month-ahead inflation).
95 percent confidence bands (based on 1,000 bootstrapped samples) are constructed following ABG and correspond
to the null hypothesis that the true data-generating process is a general bivariate linear model of CPI inflation and
inflation expectations (i.e., a VAR model with 12 lags).
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A.4 Household Inflation Expectations Across Various Demographic Groups

Figure A.11 compares the accuracy of the density forecasts from the QR model when household

expectations are aggregated with those from specific demographic groups. A quantile score ratio

greater than one indicates that the QR density constructed using aggregated expectations is more

accurate than the density constructed from the expectations of a specific demographic group. Results

show that the predictive density from the aggregate expectations measure is generally more accurate

than the density from specific demographic groups. Exceptions are: (1) expectations of the less

educated have a stronger predictive content for future inflation in the extreme right tails (see panels

a and b); and (2) expectations of the college educated, top income, and younger working age have

stronger predictive content for future inflation at the middle quantiles (see panels c, f, and g). This

latter result is in line with the findings of Binder (2015), who only models the conditional mean of

realized inflation.
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Figure A.11: Density Accuracy by Demographic Groups: Relative Quantile Score

Note: Sample period spans 1986m1-2022m8. The plots are the relative quantile scores: quantile score from the QR
model with household expectations from specific demographic groups relative to QR model with aggregate household
expectations. A quantile score ratio greater than one (on the y-axis) indicates that, for a given quantile (on the
x-axis), the QR density having aggregated expectations is more accurate than the density from the expectations of a
specific demographic group. The higher the ratio, the greater the gains of aggregate household expectations. Regions
where the line is colored green indicate that gains (or losses), at the given quantile, are statistically significant at the
10 percent level, as judged by a Diebold and Mariano (1995) and West-type (1996) test of equality of the quantile
scores.
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A.5 Marginal Value of Long-Run Survey Expectations

Figure A.12 compares, by quantile, the predictive accuracy of the QR-based inflation forecasts

with and without long-run expectations for households (panel a), markets (panel b), professionals

(panel c), and for the combined expectations measure (panel d). As in previous figures, ratios are

computed as the quantile score with both short-run and long-run expectations relative to the quatile

score from the specification with short-run expectations only. A ratio less than one thus indicates

that the prediction from the specification with long-run expectations is more accurate.

As can be seen for all the expectations measures in Figure A.12, there are significant benefits

to conditioning on long-run survey expectations, with the specification with household expectations

gaining the most (especially at lower quantiles). For the most part, these gains are statistically

significant. Similar accuracy gains are obtained when predicting future inflation both 24-months

and 36-months out (see Figures A.16 and A.17).
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Figure A.12: Value-Added of Long-Run Survey Expectations: Relative Quantile Score

Note: Sample period 1986m1-2022m8. The plots are the relative quantile scores for each of the four inflation expec-
tations measures. Each panel reports the relative quantile score, that is, the average quantile score of each specific
agent’s short-run and long-run expectations relative to the agent’s short-run expectations only. Values less than one
(on the y-axis) suggest that, for a given quantile (on the x-axis), incorporating information from an agent’s short-run
and long-run expectations is more accurate than information from an agent’s short-run expectations on average over
the sample period. The lower the ratio, the greater the gains from using information from agent’s long-run expecta-
tions. Regions where the line is colored green indicate that gains (or losses), at the given quantile, are statistically
significant at the 10 percent level, as judged by a Diebold and Mariano (1995) and West-type (1996) test of equality
of the quantile scores.
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A.6 Out-of-Sample (OOS) Forecasting Results

A.6.1 OOS: Density Forecast Accuracy Comparison

Table A.1: Density Forecast Accuracy Across Different Agents

(a) CRPS

Predictors(s): ABG NP OLS/Normal
Constant + QR QR
Lagged inflation +
Expectations of:

Households 1.039 0.965 0.980
Markets 1.048 0.955 0.968
Professionals 0.981 0.922 0.928
Naïve 0.964 0.974 0.983
Combined 1.020 0.894 0.914

(b) Tail-weighted CRPS

Predictors(s): ABG NP OLS/Normal
Constant + QR QR
Lagged inflation +
Expectations of:

Households 0.249 0.217 0.232
Markets 0.256 0.229 0.234
Professionals 0.245 0.223 0.225
Naïve 0.254 0.227 0.230
Combined 0.248 0.203 0.224

Note: Out-of-sample period 2000m5-2022m8. Panel (a) reports the CRPS averaged over the whole sample, panel (b)
reports the average tail-weighted CRPS. Results given for the density forecasts constructed using the QR method of
ABG, the nonparametric (NP) QR method of Mitchell et al. (2022), and assuming a linear Gaussian relationship
(labeled “OLS/Normal”). “Combined” involves combining, by quantile, the different agents’ expectations and then
constructing the density forecast from the combined quantile forecasts.
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A.6.2 OOS: One-Year Ahead Density Forecasts of CPI Inflation

Figure A.13: One-Year-Ahead Density forecast for CPI Inflation

Note: Out-of-sample period: 2000m5-2022m8. Blue line corresponds to realized CPI inflation. Plotted are the 5,
25, 50 (solid red), 75, and 95 percent quantiles of the density forecast for year-ahead inflation, conditional on lagged
inflation and either households, financial markets, professionals, or all three measures of inflationary expectations
when combined. Density constructed using NP.
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A.6.3 OOS: Calibration Diagnostics

Figure A.14: The Empirical Cumulative Distribution of the Probability Integral Transforms (PITs)

Note: Out-of-sample period: 2000m5-2022m8. The figures show the empirical CDF of the PITs (blue line) from the QR
models with the indicated measure(s) of inflation expectations, the empirical CDF of the PITs (dashed red line) from
the QR models with lagged inflation only (naïve expectations), and the CDF of the PITs under the null hypothesis
of correct calibration (the 45-degree line), and the 5 percent critical value bands of the Rossi and Sekhposyan (2019)
test.
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A.6.4 OOS: Marginal Value of Long-Run Survey Expectations

Figure A.15: Marginal Value of Long-Run Survey Expectations

Note: Sample period 2000m5-2022m8. The plots are the relative quantile scores for each of the four inflation expec-
tations measures. Each panel reports the relative quantile score, that is the average quantile score of each specific
agent’s short-run and long-run expectations relative to the agent’s short-run expectations only. Values lower than
one (on the y-axis) indicate that, for a given quantile (on the x-axis), incorporating information from an agent’s
short-run and long-run expectations is more accurate than information from an agent’s short-run expectations on
average over the sample period. The lower the ratio, the greater the gains from using information from an agent’s
long-run expectations. Regions where the line is colored green indicate that gains (or losses), at the given quantile,
are statistically significant at the 10 percent level, as judged by a Diebold and Mariano (1995) and West-type (1996)
test of equality of the quantile scores.
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A.7 Robustness Across Forecast Horizons: 24 and 36 Months Ahead

Table A.2: Longer-Horizon Density Forecast Accuracy Metrics

(a) CRPS: 24 months

Predictors(s): NP OLS/Normal
Constant + QR
Lagged inflation +
Expectations of

Households 0.826 0.848
Markets 0.780 0.810
Professionals 0.738 0.769
Naïve 0.835 0.850
Combined 0.727 0.769

(b) CRPS: 36 months

Predictors(s): NP OLS/Normal
Constant + QR
Lagged inflation +
Expectations of

Households 0.816 0.839
Markets 0.787 0.815
Professionals 0.767 0.795
Naïve 0.823 0.844
Combined 0.750 0.786

Note: Sample period 1986m1-2022m8. Panels (a) and (b) report the CRPS averaged over the whole sample when
forecasting 24 and 36 months ahead. Results provided for the density forecasts are constructed using the nonparametric
(NP) QR method of Mitchell et al. (2022), and assuming a linear Gaussian relationship (labeled “OLS/Normal”).
“Combined” involves combining, by quantile, the different agents’ expectations and then constructing the density
forecast from the combined quantile forecasts.
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Figure A.16: Marginal Value of Long-run Survey Expectations: 24 Months Ahead

Figure A.17: Marginal Value of Long-Run Survey Expectations: 36 Months Ahead

Note: Sample period 1986m1-2022m8. The plots are the relative quantile scores for each of the four inflation expec-
tations measures. Each panel reports the relative quantile score, that is, the average quantile score of each specific
agent’s short-run and long-run expectations relative to the agent’s short-run expectations only. Ratios less than one
(on the y-axis) indicate that, for a given quantile (on the x-axis), incorporating information from an agent’s short-run
and long-run expectations is more accurate than information from an agent’s short-run expectations on average over
the sample period. Regions where the line is colored green indicate that gains (or losses), at the given quantile, are
statistically significant at the 10 percent level, as judged by a Diebold and Mariano (1995) and West-type (1996) test
of equality of the quantile scores.
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