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1 Introduction

Since the seminal contributions of Friedman (1968) and Phelps (1967), inflation expectations
have stood at the core of macroeconomic analysis and monetary policy. A large theoretical
and empirical literature highlights their central role in shaping consumption, investment,
and wage-setting decisions. Yet, most empirical studies summarize survey-based inflation
expectations using a small number of statistics—typically the mean or median—implicitly
treating the average belief as representative of the population. Recent research, particularly
following the sharp post-pandemic inflation surge, has begun to document the importance
of higher moments and tail behavior of inflation expectations across countries (Reis,
2022). A growing body of evidence further underscores substantial heterogeneity in
household inflation expectations—driven by differences in demographics, income, and
consumption behavior—suggesting that the cross-sectional distribution of expectations
contains macroeconomically relevant information beyond its average (D’Acunto et al.,

2023; Andre et al., 2022; Doh et al., 2025).

This paper builds on these insights by studying inflation expectations explicitly as a
distributional object. We ask how different macroeconomic shocks reshape not only the
average but the entire cross-sectional distribution of household inflation expectations.
Rather than focusing on a few pre-selected summary moments, we analyze the entire
cross-sectional distribution of U.S. household inflation expectations using a functional
time-series framework. The motivation for this approach is empirical and general: when
the shape of the distribution changes independently of its center, conventional moment-
based summaries may fail to capture economically meaningful variation. While this issue
is present throughout the sample, the post-pandemic period provides a particularly salient

illustration.



Figure 1 plots the evolution of one-year-ahead and medium-run in ation expectations

of U.S. households from March 2018 to December 2021, using data from the Survey of
Consumers Between the pre-pandemic period (blue) and the early months of the pandemic
(red), the cross-sectional distributions atten substantially and the concentration around
the mode declines. Despite this pronounced change in shape, the mean one-year-ahead
expectation increases only from 2.7 to 2.8 percent, and the medium-run mean from 2.4 to
2.5 percent. These patterns highlight that distributional shifts can be far more informative
than movements in averages alone, motivating an empirical framework that captures the

full cross-sectional dynamics of in ation expectations.

Figure 1. Distribution of the U.S. Households' One-Year Ahead and Medium-Run In ation
Expectations: March 2018—-December 2021

Notes: The distributions of monthly U.S. household in ation expectations are shown for three periods:
March 2018—February 2020 (blue), March 2020-March 2021 (red), and April 2021-December 2021 (green).
The left (right) panel plots one-year-ahead (medium-run) in ation expectations. Both series are constructed
using data from the University of Michigan's Survey of Consumers

Using in ation expectations from the Survey of Consumeysve adopt the functional au-

toregressive framework of Chang et al. (2021) to study how four externally identi ed

10One-year-ahead (short-run) expectations are based on the question: “By about what percent do you
expect prices to go (up/down) on average during the next 12 months?” Medium-run expectations refer to
the “next 5 to 10 years.” Each respondent reports a single percentage, interpreted as an expected annual
in ation rate. The 5-10-year series, available monthly, is commonly used to represent medium- to long-term
expectations (e.g., Coibion and Gorodnichenko, 2015; Carroll, 2003).



economic shocks—monetary policy, government spending, personal income tax, and
gasoline prices—affect the distribution of household in ation expectations. 2 These shock
series are drawn from different sources and may contain correlated information. To isolate
distinct surprise components, we purge each shock of its linear dependence on the others
by regressing it on the remaining shocks and retaining the residual as a puri ed innovation.
This procedure ensures that we attribute distributional responses to distinct sources of

economic news rather than to overlapping information.

The key object in our analysis is the expected in ation distributionEID), de ned as a time
series of estimated density functions, each representing the full cross-sectional distribution
of household in ation expectations in a given month. 2 For each horizon—one-year-ahead
and medium-run—we apply functional principal component analysis (FPCA) to obtain

a low-dimensional representation that captures the dominant modes of variation in the
EIDs. These components are then embedded in a vector autoregression and linked to the
externally identi ed shocks to construct functional impulse responsdisat trace how the
entire distribution reacts to each shock over time. Modeling expectations as a functional
object allows any moment—mean, median, dispersion, or skewness—to be recovered
as a by-product, while avoiding the loss of information inherent in moment-restricted

approaches.

Our main ndings can be summarized as follows. Contractionary monetary policy shocks,
measured by Miranda-Agrippino and Ricco (2021), lower both short- and medium-run

in ation expectations. A one-percentage-point policy tightening reduces average one-
year-ahead and medium-run expectations by 0.10 and 0.04 percentage points, respectively,
primarily by reducing the share of households expecting in ation above 5 percent and

increasing the share expecting moderate in ation (between 0.6 and 2.4 percent). The

2We use the Survey of Consumersecause its large monthly cross-section enables precise estimation of
continuous distributions, unlike smaller-sample surveys such as the Survey of Professional Forecasters
3Throughout the paper, the “D” in EID refers interchangeably to “density” or “distribution.”



dispersion of expectations declines signi cantly, indicating stronger anchoring, while skew-
ness remains largely unchanged. Fiscal shocks exhibit asymmetric effects: government
spending shocks have no measurable impact on the distribution at any horizon, whereas
personal income tax increases shift the medium-run distribution to the right, raising both
dispersion and skewness. Finally, consistent with Coibion and Gorodnichenko (2015),
gasoline price shocks raise in ation expectations at both horizons. We uncover a novel
distributional pattern: while short-run expectations shift uniformly upward, medium-run
expectations become more dispersed and asymmetric, suggesting heterogeneity in how

households extrapolate energy price shocks into future in ation.

This paper contributes to three strands of the literature. First, it advances the empirical
study of in ation expectations by moving beyond moment-based summaries to analyze
the entire cross-sectional distribution. Second, it contributes to the literature on the effects
of monetary and scal shocks on expectations, complementing existing evidence based
on average beliefs (Coibion et al., 2020; Grigoli et al., 2020; Coibion et al., 2021). Third,
from a methodological perspective, the paper demonstrates how functional autoregressive
methods can be applied in a transparent and variance-ef cient way to macroeconomic
expectation data.* While most existing studies focus on average expectations, our results
show that important distributional responses—particularly in dispersion and tail behav-
ior—would be missed under such approaches. In this sense, our ndings complement Doh
et al. (2025) and Guillochon (2024), while documenting a novel response of medium-run

in ation expectations to personal income tax shocks.

The remainder of the paper is organized as follows. Section 2 motivates our focus on the

full distribution of in ation expectations. Section 3 describes the econometric framework.

“4For related applications of functional data methods in economics, see Chang et al. (2016), Inoue and
Rossi (2019), Bjgrnland et al. (2025), Chang et al. (2026) and Chang et al. (2025).



Section 4 details the empirical implementation using data from the Survey of Consumers

Section 5 presents the distributional effects of economic shocks, and Section 6 concludes’

2 Why a Functional Approach to the Distribution of In a-

tion Expectations (EIDs)?

This section motivates our choice of a functional approacho analyzing the entire distribution
of in ation expectations. Rather than appealing to conceptual arguments alone, we provide
guantitative evidence on how much information is lost when the distribution is summa-
rized using commonly employed statistics such as the mean or median. We do so through
two complementary exercises. First, we examine which distributional features of in ation
expectations contain predictive information for key macroeconomic variables using an
adaptive LASSO procedure. Second, we assess the trade-off between explanatory power
and estimation precision across alternative distributional representations, highlighting the

ef ciency gains of a functional principal component approach.

We begin by using an adaptive LASSO procedure to identify which distributional proper-
ties of one-year-ahead in ation expectations are informative for macroeconomic outcomes ©.
Importantly, this exercise is conducted entirely using distributional statistics computed
directly from the raw cross-sectional survey responses in each month, prior to any density

estimation or functional modeling. The candidate regressors include a broad set of distri-

SThe appendices provide supporting material: Appendix A presents the mathematical foundations; Ap-
pendix B discusses alternative bases; Appendix C interprets the functional components; Appendix D reports
robustness checks; Appendix E details the bootstrap procedures; and Appendix F discusses alternative
functional approaches.

5The adaptive LASSO (Zou, 2006) is a regularized regression method that performs variable selection and
coef cient shrinkage in a data-driven way. It extends the standard LASSO by introducing adaptive weights
on the penalty term, improving consistency in identifying relevant predictors. Because our motivating
regression includes a large set of distribution-based summary statistics, adaptive LASSO provides an ef cient
way to isolate informative features while mitigating over tting and multicollinearity.



butional statistics: the mean, median, standard deviation, skewness, kurtosis, deciles, and
speci c distributional shares, such as the proportion of households expecting de ation

(in ation below 0 percent), the share with anchored expectations (between 1 and 3 percent),
and the share expecting high in ation (above 6 or 10 percent). The dependent variables

are current and future in ation, the unemployment rate, and real GDP growth.

Table 1. Variables Selected with Speci ¢ Macroeconomic Variable Using LASSO

Ination ( pt) | Ination ( p; 12) | Unemployment ( ut) | Unemployment ( u; 12) | Real GDP growth ( y;)
Regressors
Median [+,%*]
Skewness [+,%*] [+]
Interquartile [+,%*+]
Share of in ation expectations below 0% [-,***] [+] [+,***] +,54%] ]
Share of in ation expectations above 6% [+,.] [+
61 decile [+, [+,
Share of in ation expectations between 1% and 3% [+,***] [-,***] [-,***]
Share of in ation expectations above 10% [-,***] [+,%*¥] [+,%*] [-,***]
274 decile [+ 3]
3rd decile [+'*k~k] [_’H*]
R 0.8519 0.6124 0.3577 0.3735 0.1503

Notes: (i) Signs and signi cance levels are reported as [sign, signi cance], where “***' ' “* and "'
correspond to the 0.001, 0.01, 0.05, and 0.1 levels, respectively. (ii) Real GDP growth is measured at quarterly
frequency and matched to the nal month of the corresponding quarter in the one-year-ahead in ation
expectations data.

Table 1 reports the variables selected by the adaptive LASSO and the sign and signi cance
of the associated coef cients. Notably, commonly used summary statistics such as the mean
and standard deviation are not selected as signi cant predictors. In contrast, higher-order
moments and tail features consistently emerge as informative. The median is positively
associated with future in ation, skewness is positively correlated with current in ation,
and the share of households expecting in ation above 10 percent is positively related
to future unemployment while being negatively related to contemporaneous real GDP
growth. Similarly, the share of households expecting de ation is strongly correlated with

both current in ation and unemployment.

These results indicate that the predictive content of in ation expectations extends well
beyond measures of central tendency. Restricting attention to the mean or median obscures

systematic variation in the tails and shape of the distribution that is closely linked to



macroeconomic outcomes. This evidence motivates an empirical framework that treats the

entire distribution of in ation expectations as the relevant object of analysis.

Second, we compare the explanatory power of different distributional representations
while considering the trade-off between goodness of t and estimation precision. This al-
lows us to quantify the information content captured by the functional approach relative to
conventional summary statistics. The results are reported in Tables 4 and 5 in Appendix B.
In summary, our three functional principal components (FPCs) jointly explain over 95
percent of the total variation in the distribution of in ation expectations (see Section 4
for more details). In contrast, conventional summary statistics capture far less: the mean,
standard deviation, and skewness together explain less than 2 percent of the variation,
while even including ve moments reaches only 4 percent. Using ve selected percentiles
(10th, 25th, 50th, 75th, 90th) performs substantially better, explaining approximately 72

percent of the variation, but still falls short of the functional approach.

Beyond the loss of information by focusing solely on pre-determined moments, there is
an equally critical consideration, which relates to estimation precision. When attempting

to capture more distributional information by including additional summary statistics

or percentiles, estimation variances increase at an incredibly fast rate. For instance, a
three-component representation using our FPCs has a variance measure of 4.7, while a
comparable moment-based representation has a variance measure exceeding 3,900—more
than 800 times larger. This combination—high explanatory power with manageable
estimation variance—makes the functional principal component approach both ef cient
and practical for analyzing distributional dynamics, a conclusion that is consistent with
evidence from other applications that document similar ef ciency gains (e.g. Chang et al.

(2024b) Bjgrnland et al. (2025), Chang et al. (2026)).

Guided by these trade-offs, we approximate each month's expected in ation distribution

(EID) using a small number of functional principal components (FPCs) and model the



corresponding FPC loadings in a low-dimensional VAR. This approach allows us to trace
how the entire distribution responds to externally identi ed economic shocks. Sections 3
and 4 describe the econometric framework and its implementation; Appendix A provides

technical foundations, and Appendix F discusses alternative functional approaches.

3 Econometric Methodology

This section summarizes our econometric framework. We model monthly expected in a-
tion distributions (EIDs) as a functional time series and approximate their dynamics using
a low-dimensional VAR in a small number of functional principal component (FPC) load-
ings. This approach delivers impulse responses for the entire distribution while keeping
estimation and inference within familiar VAR tools, without introducing new estimation

or identi cation assumptions.

Our framework follows the functional autoregression (FAR) approach of Chang et al.
(2021). Section 4 describes the empirical implementation (including how we link the
EID dynamics to externally identi ed shocks). Technical foundations are collected in

Appendix A.

Formally, let pfigdenote the density representing the EID. We treat pfiqas a time series

of square-integrable functions and write the FAR(2) as

fo  Aife 1 Axfy o #, (1)



where A, and A are linear operators on H and p#qis a functional white noise in H (see
Appendix A for precise de nitions). We use the second-order FAR, as suggested by the

commonly used information criteria, AIC and BIC, for our data. ’

Following Chang et al. (2021), the in nite-dimensional FAR can be approximated by
projecting onto a nite-dimensional subspace spanned by m basis functions pv;d" ;. This

projection yields an m-dimensional VAR representation:

pftd  PA1gd: 19 PA20d: 20 PAG 2

where pfiq px v, fty, .. ., xvm, frydrepresents the functional observation as an m-dimensional
vector of basis coef cients, and pAygdenote the corresponding m m coef cient matrices.
The mapping between the functional and nite-dimensional representations is isometric,

preserving the structure of the original FAR (see Appendix A for details).

The effectiveness of this approximation depends crucially on the choice of basis. Fol-
lowing Bosq (2000), Ramsay (2004), Hall and Horowitz (2007), and Park and Qian (2012),
among others, we use the functional principal component (FPC) basis pv, g de ned as the

eigenfunctions of the sample covariance operator

1.7
G <+ pfb fig (3)
t 1

As demonstrated in Section 2, three FPCs capture over 95 percent of the variation in
EID while maintaining substantially lower estimation variance than alternative bases
such as moments, percentiles, or intervals. Appendix B provides detailed comparisons
of functional R-squared and integrated variances across different basis choices (Tables 4

and 5).

A complementary approach to selecting the lag order relies on minimizing out-of-sample mean squared
forecast errors (MSFE). In our case, both procedures yield consistent selections.

10



4 Implementation of Functional Approach using EIDs

In this section, we describe the empirical implementation of the methodology presented in

Section 3, with each subsection written in the same order as the implementation.

4.1 Constructing EID Functional Data from Household Survey

Based on the monthly data from the University of Michigan's Survey of Consumeysve
rst estimate the density function representing the underlying distribution of in ation
expectations. We use this time series of density functions as our functional data. Our EID
sample is from January 1983 to December 2021 for one-year ahead in ation expectations.

In the case of medium-run in ation expectations the sample begins on January 1991.

We focus on the following two questions related to households' in ation expectations:
(1) “About what percent do you expect prices to go (up/down) on the average, during the
next twelve month®”; and (2) “About what percent do you expect prices to go (up/down)
on the average, during the next ve to ten yearg’ The responses to the rst question are
households' one-year ahead in ation expectations, and those to the second question are
households' medium-run in ation expectations. We estimate density functions using a

standard kernel density estimation procedure. 8

The estimated densities represent the underlying distribution of heterogeneous in ation
expectations. In Figure 2, we present an example of the estimated density of one-year
ahead expected in ation (red line) using the data for April 2011 and the frequency of actual

responses (blue bars).

8Density functions are estimated using the Epanechnikov kernel function with the rule-of-thumb time-
varying bandwidth (Park and Qian, 2012)

11



Figure 2. Survey Responses and the Estimated Density: An Example

Notes: Survey responses of one-year ahead in ation expectations in April 2011 are used as an example. The
left vertical axis represents the number of survey responses corresponding to different levels of in ation
expectations reported in the actual survey. The right vertical axis shows the estimated density of in ation
expectations.

4.2 Functional Principal Component Analysis

Using the constructed EID, we apply a functional principal component analysis (or FPCA)
to obtain the basis of functions that optimally represents the variability of expected in ation
distributions as a nite-dimensional process. FPCA generalizes PCA to functional spaces
by identifying orthonormal eigenfunctions that capture the main modes, or most common
patterns, of variability of the curves. The associated scores quantify how each curve varies
along those modes. The eigenfunctions act as functional loadings linking variation across

the entire domain.

First, the scree plot in Figure 3 displays how much of the total variation in the EIDs
is captured as we increase the number of functional principal components in our basis.
For one-year-ahead expectations, the rst component alone explains over 74 percent of
the variation. Including the second and third components raises the cumulative share
to roughly 95 percent. A similar pattern holds for medium-run expectations, indicating

that just three components suf ciently summarize the dynamics of both distributions. We,

12



hence, retain the rst three components (m  3), which jointly capture about 95 percent of
the variation in both EID series. ?

Figure 3. Scree Plots of One-Year Ahead and Medium-Run In ation Expectations

Notes: The horizontal axis shows the number of functional principal components. The vertical axis shows
the cumulative proportion of functional variations explained, corresponding to the number of principal
components. Black line (blue dotted line) show one-year ahead (medium-run) in ation expectations from
January 1978 (from January 1991) to December 2021.

Figure 4 shows the loadings, functional components, and the shape of distribution
affected by each of the three components for one-year-ahead expected in ation distribu-
tions (EIDs). Speci cally, the left column shows the corresponding loadings paq XV, fty
for each component. Blue and red stars mark, respectively, the minimum and maximum
loadings over time, min pa:qand maxpay:q for k 1,2, 3. Furthermore, the middle column
presents the three estimated functional principal components (FPCs): the rst ( v,), second
(v,), and third (v;). These functions are mutually orthogonal and have unit norm. The
right column depicts the range of distributions implied by each component. Starting from

the average EID density,

*While including more components could increase explained variation, it would substantially in ate the
variance of estimated functional coef cients, as documented in Tables 4 and 5 in Appendix B.

13



Figure 4. Functional Principal Components and Loadings: one-year ahead In ation Expectations

Notes: The left panels show loadings over time for the rst three functional principal components (FPCs)
for one-year ahead in ation expectations, the rst FPC in the top, the second FPC in the middle, and the
third FPC in the bottom rows). The center panels show each of the three FPCs as a function. The right panel
shows how the sample mean density function (black solid line) changes with maximum (red dashed line)
and minimum (blue dotted line) contributions by the maximum (red star) and minimum (blue star) values

of the loadings in the left panel for corresponding FPCs.

we add each FPC scaled by its minimum and maximum loading. The black solid line shows
f, the blue dotted line represents f  min pay:av,, and the red dashed line corresponds

to f maxpagav,. Thus, the red (blue) line illustrates the case where the EID is most

positively (negatively) affected by the k-th FPC.10

As explained above, the rst functional principal component explains more than
74 percent of the variation in one-year ahead EIDs. We refer to this component as the

disagreement compondpe¢cause it shifts probability mass from the center of the distribution

10Appendix C provides detailed analyses of how the moments of EIDs vary with the loadings of each
functional component, supporting our interpretation and labeling of the three FPCs.

14



(between 1 and 5 percent) to both negative and very high in ation expectations (below

1 percent and above 4 percent). As illustrated in Figure 4, higher loadings widen the
distribution (red dashed line), while lower loadings compress it toward the center (blue
dotted line). The loading series exhibits a cyclical pattern, with peaks during major
downturns—the early 1980s recession, the Global Financial Crisis, and the COVID-19
period—consistent with disagreement rising in turbulent times. The second component,
explaining about 15 percent of the variation, represents a level-shiftingmovement of the
entire distribution. Positive loadings shift the density to the right, indicating higher
expected in ation across the cross-section, whereas negative loadings shift the density to
the left. Finally, the third component captures ambiguity in tail behavior Positive loadings
produce fatter right tails and develop multiple bumps at elevated expectation levels (above
8 percent), while negative loadings smooth the upper tail. This component therefore
re ects uncertainty concentrated in extreme in ation outcomes—particularly around the

Federal Reserve's 2 percent target and in the higher tail of the distribution.

4.3 Measuring Functional EID Responses to External Shocks

As a next step, by applying a recursive normalization to the corresponding approximate
vector autoregression (VAR), we obtain functional shockslriving the expected in ation
distributions (EIDs) and their impacts on expected in ation distributions. The recursive

scheme used here serves purely as a normalization.

The error term pqin the approximate second-order VAR in (2)refersto# p #, #ht, #a3 0
where p#:q i g and pés qare innovations in our approximate VAR. These correspond to

the loadings of the three leading FPCs, which we label as the disagreemenshifting, and

15



ambiguity components, respectively. Let

# Ba, 4)

where Bisa3 3 matrixand @ p ey, ex, exdtis a vector of functional shocks de ned

below.

We identify three functional shocks pejq pexg pestqby imposing a recursive structure
among them, again purely for convenience. The matrix B in (4) is de ned as a unique
lower triangular matrix satisfying

BBl S,

where S is the estimated covariance matrix of #. Each column b; of B represents the
at-impact response of the three-dimensional vector of FPC scores to thei-th functional

shock g;. We de ne
b p 'poig (5)

as the at-impact functional response of f; to ;. Thus, b is the baseline EID response the

i-th functional shock, for i 1,2, 3.

Figure 5 presents these baseline responses, computed for different sample periods
to assess stability across time. Recall thatb; are columns of the lower triangular matrix
B, implying that bs depends solely on the third FPC pv;q b, on a linear combination of
/5, V3q and by on pvy,V,,v5q The shapes ofby, by, bz thus closely resemble those of the
corresponding FPCs, re ecting the dominance of leading components in our empirical
model. We refer to these as the EID responses indisagreementshifting, and ambiguity,

respectively.

It is important to clarify that the retrieved functional shocks  pe;:q pexq pes:q are not

intended to be interpreted in structural economic terms. Instead, they provide an or-

16



Figure 5. At-impact Baseline EID Responses to Functional Shocks Using Different Samples

Notes: The gure shows the at-impact baseline impulse responses of one-year ahead EIDs to the three
functional shocks using different sample periods, including the baseline sample from January 1983 to
December 2021 for Figure 4.

thogonal basis that ef ciently summarizes the dominant sources of variation in the EID
dynamics. To study economically meaningful transmission channels, we therefore link

these functional shocks to externally identi ed structural shocks.

Following Chang et al. (2025) and Bjgrnland et al. (2025), we treat monetary policy, gov-
ernment spending, personal income tax, and gasoline price shocks asexternal instruments
Each of these shock series is standardized to have unit variance and is projected onto the

space spanned by the orthogonal functional shocks.

Formally, let x; denote an external shock. We compute the correlation vector

F'x P rxiMxe, rx3q11 lxi  COIrPSt, Xtq

which is equivalent to the vector of regression coef cients because both x; and pg;ghave
been normalized. Since the functional shocks are orthogonal, the magnitude }r x} measures

how strongly the external shock loads on the EID-relevant subspace.

17



The at-impact functional impulse response (IRF) of the expected in ation distribution

to Xt is then a variance-ef cient linear combination of the three baseline EID responses:

fx ryabi rxbp  rysbs, (6)

where b; are the baseline responses de ned in (5). Because the external shock series
are standardized, f x represents the EID's response to a one—standard deviation shock
to x¢.11 This construction preserves the interpretation of by, by, bg as the fundamental
modes of distributional adjustment while enabling direct study of structural transmission

mechanisms.

Let bjphgdenote the horizon- h response to thei-th functional shock g. For any external

shock x; with correlation weights ry p ry1,x2, I xad, the functional IRF is

fxphg ryibiphg  ryobpophg  ryabaphg PH,

which atimpact ( h  0) coincides with equation (6).

Moment responses follow directly by taking inner products with test functions—for

instance, the mean response isDmyphq X f xphg uy, where up gis the identity map.

Discrepancy in frequencies. A practical complication is the mismatch in data frequency:
monetary-policy and gasoline-price shocks are available monthly, like the EID functional
shocks, whereas government-spending and tax shocks are quarterly. We therefore measure
the response of the monthly EID in the third month of each quarter. 2 In this setting,

the quarterly response of EID to a shock Xs is the cumulative sum of the three monthly

11Responses to alternative shock magnitudes follow by linear scaling. For example, if one standard
deviation of the monetary policy shock corresponds to a 30 bp funds rate move, then a 25 bp shock is
obtained by scaling f x by 25{30.

12An alternative would be to estimate a quarterly FAR using every third monthly observation, but we
retain the monthly model to exploit the full sample.
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responses within quarter s:

Intuitively, the EID response in the nal month of a quarter combines the contemporaneous

effect with the propagated responses from the preceding two months.

For robustness, we also estimate a proxy-VAR following Chang et al. (2026), where the
external shock enters as the rstvariableinan pm 1gdimensional VAR. The EID response
is then derived from the impulse responses of the remaining m components. Appendix D
presents the proxy-VAR results, which closely mirror those obtained from the functional

VAR.

In all cases, the VAR approximation to the dynamics of the expected in ation distribu-
tion allows us to apply well-established tools for inference. For example, the con dence
bands shown in the empirical results are constructed using bootstrap methods (see Ap-

pendix E).

Finally, note that all transformations from the VAR representation to the functional
impulse responses are linear. Hence, any orthogonal rotation of the baseline functional
shocks—including the recursive normalization used here—produces identical functional
IRFs for the EID. This invariance underscores that the recursive scheme serves purely as a

normalization device rather than an identifying restriction.

5 Distributional Effects of Economic Shocks on EID
This section presents our empirical ndings. We start with an overview of the shocks

we implement. As we borrow the shocks from the literature, a puri cation procedure is

needed to ensure that the chosen shocks are uncorrelated. To ensure a common sample
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across shocks in the puri cation step, we use the same sample period, 1991Q1 to 2006Q4,
for all four economic shocks. Detailed results for each individual shock using the largest

sample size possible are available in Appendix D.

5.1 Description of Economic Shocks

We examine four external shocks, all borrowed from the literature: monetary policy,
government spending, personal income tax and gasoline price shocks.® We brie y discuss

the shocks and their possible links to in ation expectations.

First, for monetary policy shock, we use the series constructed by Miranda-Agrippino
and Ricco (2021), using a high-frequency identi cation strategy to build an instrumental
variable that identi es monetary policy shocks robust to the presence of informational
frictions. For government spending shocks, we refer to Auerbach and Gorodnichenko
(2012), who use a trivariate VAR model with real government spending, real government
receipts — direct and indirect taxes, net transfers to businesses and individuals — and
real gross domestic product (GDP). For personal income tax shocks, we use the series
constructed by Mertens and Ravn (2013) based on instrumental variable and a narrative
approach. Finally, for gasoline price shocks, we use retail gasoline price, following Kilian
and Zhou (2022) who show that gasoline price, rather than oil price, is more salient from
the perspective of consumers and therefore is more in uential in households' in ation
expectations. Anderson et al. (2013) shows that households participating in the Survey of
Consumerdreat the real price of gasoline approximately as a random walk. Given that the
change in the real price of gasoline is approximately the same as that in the nominal price

of gasoline, we use the monthly changes in the nominal gasoline price as our gasoline price

B3Except for gasoline price shocks, economic shocks are obtained using the replication codes and data
made available by the authors of the referred literature.
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shocks, drawn from FRED's "Consumer Price Index for All Urban Consumers: Gasoline

(All Types) in the U.S. City Average.”

5.2 Puri cation of the Shocks

The externally identi ed shocks we use may not be entirely pure surprises, which may
compromise the conventional interpretation of the response of EID to these external shocks.
To mitigate concerns that these series may share correlated information, we purify each

external shock by purging its linear dependence on the other shocks we consider.

The puri cation process consists in estimating the following regression
xi o bx, &

where x{ are the shocks to be puri ed, and X, 'is a set of all shocks excluding shocki. We
consider the residual of this regression (i{) as a puri ed shock. This process requires us
to consider, for practically all shocks, a subsample of the data available for each shock.
This requirement results from the need to have a common sample for all shocks in the

puri cation process. That sample becomes from 1991Q1 to 2006Q414

5.3 Linking EID Functional Shocks to Economic Shocks

As previously discussed, we link external shocks to EID dynamics by projecting them onto
the functional shocks and constructing functional impulse responses from the resulting
weights. Tables 2 and 3 summarize the estimated correlations between each type of external

shock and the three functional shocks for one-year ahead and medium-run expectations.

14Note that for series of shocks available at a monthly frequency, such as the MP shock, the corresponding
quarterly shock results from adding the three monthly observations for the quarter.
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Three patterns emerge. First, monetary policy surprises transmit meaningfully into EID
variation, with correlations around 10-18 percent for the short run and roughly 13 percent
for the medium run. These responses occur throughout the quarter, consistent with a
rapid pass-through of monetary policy news into in ation beliefs. Second, government
spending shocks correlate nontrivially with the functional shocks—in some cases above 20
percent—yet ultimately produce negligible changes in the EID. This disconnect highlights
that correlation alone does not imply an economically meaningful functional response: the
linear combination of baseline components may lead to offsetting effects in the distribution.
Third, personal income tax and gasoline price shocks display the strongest and most
systematic correlations across horizons. For personal income taxes, the relationship is
concentrated in the rst month of the quarter, while gasoline price shocks exhibit persistent
in uence throughout the quarter. These patterns foreshadow the clear functional responses
documented below. All correlations are precisely estimated, and con dence intervals for
both the correlation coef cients and the resulting impulse responses are constructed using

a bootstrap procedure detailed in Appendix E.

5.4 Results

The primary contribution of this paper is to examine in ation expectations as a full
distribution rather than through a small set of sample statistics. At the same time, working
with the density representation allows us to recover familiar moments such as the mean,

standard deviation, and skewness as by-products.

5.4.1 Monetary Policy Shocks

Figure 6 shows the impact of contractionary monetary policy shocks on selected mo-

ments of the distribution of in ation expectations. A one-percentage-point policy tighten-
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Table 2. Correlations between Functional Shocks and Economic Shocks: One-Year Ahead EIDs

| | Monetary Policy |Govt. Spending |Personal Income Tax | Gasoline Price |

corr(Xs, e t) 0.1062 0.0229 0.1774 0.1645
£0.0979 10.1266 00.112@ £0.1321
corr(Xs, &) 0.0607 0.0651 0.2744 0.3002
£0.105@ 00.129% 10.1427% £0.1506;
corr(Xs, €st) 0.0183 0.0971 0.1067 0.2361
10.115 £0.1292) 10.1154 10.1518)
corr(Xs, et 1) 0.0998 0.2467 0.0180 0.1522
£0.0895 £0.122@ 10.1058 0.121@
corr(Xs, &t 1) 0.0405 0.0176 0.0191 0.3714
0.1647 p0.1281 00.1463 00.1164
corr(Xs, €3t 1) 0.1242 0.0817 0.0485 0.0189
10.1152) 10.1354; 10.135% 0.1153
corr(Xs, et 2) 0.0207 0.1355 0.0730 0.2275
£0.0882y 10.1264 10.1217% £0.210%
corr(Xs, &t 2) 0.1805 0.0873 0.0406 0.1611
10.1662) £0.1308] £0.1402y 0.157@
corr(Xs, €3t 2) 0.0264 0.1391 0.0443 0.0269
00.1748) 00.1118y 10.1162) £0.1473)

Notes: Correlations between the three functional shocks of one-year ahead EIDs ( rst, second, and third
month of the quarter) and each of the following four economic shocks are considered: (i) contractionary
monetary policy shock (Miranda-Agrippino and Ricco (2021)); (ii) government spending (Auerbach and
Gorodnichenko (2012)); (iii) personal income tax increase (Mertens and Ravn (2013)); and (iv) gasoline price
changes (FRED). Bootstrapped standard errors are reported in parentheses.

ing reduces both the average and the dispersion of expected in ation across short- and
medium-run horizons ( rst two columns), while the effect on skewness is negligible. These
moment-based results suggest that monetary policy lowers the overall level of in ation

expectations and compresses their cross-sectional spread.

To examine the full distributional effects, Figure 7 plots the impulse responses of the
expected-in ation distributions (EIDs) to a contractionary monetary policy shock, for
one-year ahead and medium-run horizons. For short-term expectations (top-left panel),
the distribution becomes more concentrated around zero following the policy shock, as
indicated by the bulge at the center. The probability mass in the upper tail—households
expecting in ation above ve percent—declines substantially, implying that fewer house-
holds anticipate high in ation. Medium-term expectations (top-right panel) display a

similar but milder pattern: the distribution shifts leftward and narrows, though the in-
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Table 3. Correlations between Functional Shocks and Economic Shocks: Medium-run EIDs

| Monetary Policy |Govt. Spending [Personal Income Tax | Gasoline Price |

corr(Xs, € t) 0.0292 0.0213 0.2198 0.0175
£0.0855] 00.117%y £0.115@y 00.126%)
corr(Xs, &¢) 0.1370 0.2352 0.3121 0.1460
00.1147 £0.1146 £0.1066; £0.122%
corr(Xs, €3t) 0.1322 0.0134 0.1882 0.1895
£0.0915) £0.1454y £0.1355%) £0.1048)
corr(Xs, et 1) 0.0670 0.0092 0.0741 0.1524
£0.1388 £0.123@ 10.1278) 00.115%
corr(Xs, &y 1) 0.1193 0.0895 0.1387 0.0742
10.1244y 10.1062y £0.118Qy £0.1208
corr(Xs, €3¢ 1) 0.1054 0.0394 0.0734 0.1570
10.143@ £0.1303 10.115% 00.1319)
corr(Xs, €t 2) 0.0491 0.1368 0.0043 0.0963
10.1042y 00.1418y 10.1353] £0.189@
corr(Xs, &t 2) 0.0327 0.0408 0.2942 0.0474
10.109% £0.1409 00.1173y £0.142@
corr(Xs, €3t 2) 0.0155 0.1623 0.0565 0.1595
£0.0964 10.1183y £0.101@y 00.1142)

Notes: Correlations between the three functional shocks of medium-run EIDs ( rst, second, and third
month of the quarter) and each of the following four economic shocks are considered: (i) contractionary
monetary policy shock (Miranda-Agrippino and Ricco (2021)); (ii) government spending (Auerbach and
Gorodnichenko (2012)); (iii) personal income tax increase (Mertens and Ravn (2013)); and (iv) gasoline price
changes (FRED). Bootstrapped standard errors are reported in parentheses.

crease in mass occurs primarily at low positive values rather than at negative in ation

expectations.

To quantify these shifts, we divide the range of in ation expectations into ten intervals

based on pre-shock percentiles of the EID (the 10", 20", , 90" percentiles). By con-

struction, each decile initially contains ten percent of the households. The bottom panels

of Figure 7 display the median post-shock change in the frequency of each decile (dots)

with 68-percent con dence intervals (vertical lines). The horizontal reference line at ten

percent marks the pre-shock share of each bin, allowing a visual assessment of statistically

signi cant deviations.

Following a 100-basis-point monetary tightening, the shares of households in the 2 "
through 4" deciles—corresponding roughly to in ation expectations between 5.4 and

2.4 percent —increase signi cantly. In contrast, the upper deciles (7 " to 101), representing
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Figure 6. Impact of Monetary Policy Shocks on Speci c Moments of One-Year Ahead and
Medium-Run EIDs

Notes: Each column shows the impact of contractionary monetary policy shocks of 1 percent on the mean
(left), standard deviation (center), and skewness (right) of expected in ation distributions (EIDs). The
top (bottom) row shows the impact on one-year ahead (medium-run) in ation expectations. The sample
runs from 1991Q1 to 2006Q4. The IRFs include two con dence bands (68 and 90 percent) estimated using
bootstrap methods.

in ation expectations above 4.7 percent, exhibit a clear and statistically signi cant decline.
These shifts explain the moment-based results in Figure 6: the mean of in ation expec-
tations falls because a larger fraction of households now anticipate low in ation, while
fewer expect high in ation. The contraction of the upper tail also reduces the standard

deviation, although not suf ciently to alter skewness, which remains broadly unchanged.

For medium-run expectations (bottom-right panel), the distributional adjustments are
gualitatively similar but quantitatively smaller. The share of households expecting high
in ation (above 7.1 percent) declines, while the shares at low-positive values increase
slightly. The resulting pattern again re ects a downward and narrowing shift in the

distribution of medium-run in ation expectations, consistent with the interpretation that
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Figure 7. One-year Ahead and Medium-Run EID Responses to Monetary Policy Shocks

Notes: The top charts show the at-impact response of one-year ahead expected in ation expectations (left)
and medium-run in ation expectations (right) following a contractionary monetary policy shock of 1 percent.
The sample runs from 1991Q1 to 2006Q4. The IRFs include two con dence bands (68 and 90 percent)
estimated using bootstrap methods. The bottom charts show the estimated post-shock probabilities of
each decile following the same monetary policy shock for one-year ahead (left) and medium-run in ation
expectations (right), compared to the reference pre-shock probability of 10 percent signi ed by a black
horizontal line. For each decile, the dot represents the average post-shock probability, and the vertical line
indicates a 68 percent con dence band.

contractionary monetary policy not only lowers expected in ation but also compresses

belief heterogeneity among households.

Consistent with Doh et al. (2025), we nd that contractionary monetary policy shocks
reduce household in ation expectations most strongly in the upper part of the distribution,
encompassing the upper middle and upper tail. The decile responses indicate a statistically
and economically meaningful decline in the share of households with high in ation expec-
tations following a policy tightening. However, as one moves toward the far right end of
the distribution—particularly for medium-run expectations—the estimated effects become
less precise, with wider con dence bands. This pattern suggests that while monetary
policy does affect households with high in ation expectations, beliefs at the extreme upper
tail are more heterogeneous and respond less uniformly, potentially re ecting expectation

formation driven by factors beyond contemporaneous monetary signals.
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5.4.2 Fiscal Policy Shocks: Government Spending and Personal Income Tax Shocks

We next examine the effects of scal policy shocks on expected in ation distributions
(EIDs), beginning with government spending shocks identi ed following Auerbach and
Gorodnichenko (2012). Figure 8 reports the responses of the mean (left column), standard
deviation (center column), and skewness (right column) of in ation expectations to these
shocks. Across both one-year ahead and medium-run horizons, no statistically signi cant
effects are detected for any of the moments, indicating that changes in government spend-
ing have little contemporaneous in uence on either the level or dispersion of household

in ation expectations.

Figure 8. Impact of Government Spending Shocks on Speci c Moments of One-Year Ahead and
Medium-Run EIDs

Notes: Each column shows the impact of government spending shocks on the mean (left), standard deviation
(center), and skewness (right). The top row reports for the results for one-year ahead expected in ation
distributions (EIDs), using the sample from 1991Q1 to 2006Q4. The bottom row reports the results for
medium-run in ation expectations, using the sample from 1991Q1 to 2006Q4.
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Figure 9 further explores the full distributional effects by plotting the at-impact re-
sponses of the entire EIDs for one-year ahead (left) and medium-run (right) in ation
expectations. Consistent with the moment-based evidence, the distributional responses are
small and statistically indistinguishable from zero across all in ation-expectation levels.
In short, government spending shocks appear not to meaningfully alter the cross-sectional
distribution of in ation expectations, suggesting that households do not view variations

in public spending as informative about future in ation dynamics.

Figure 9. One-year Ahead EID and Medium-Run EID Responses to Government Spending Shocks

Notes: The top charts show the at-impact responses of one-year ahead (left) and medium-run in ation
expectations (right) to government spending shocks using the sample from 1991Q1 to 2006Q4. The bottom
charts shows the estimated post-shock probabilities of decile bins for one-year ahead (left) and medium-run
in ation expectations (right) following the same shock, compared to the reference 10 percent probability line
for each decile before the shock. Footnote otherwise identical to the bottom chart of Figure 7.

The absence of any measurable response of in ation expectations to government
spending shocks may raise questions of statistical power. However, our estimated standard
errors imply that even relatively small shifts in the mean—on the order of a few hundredths
of a percentage point—would have been detectable at conventional signi cance levels.

Thus, the lack of a signi cant response is unlikely to re ect insuf cient precision but rather
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indicates that household in ation expectations are largely unresponsive to this type of

scal intervention.

We then turn to personal income tax shocks. Figure 10 displays the impulse responses
of the mean, standard deviation, and skewness of in ation expectations to such shocks.
Unlike government spending shocks, personal income tax shocks produce economically
and statistically signi cant effects, particularly for medium-run expectations. Speci cally,

a positive tax shock raises the mean of medium-run in ation expectations on impact and

is accompanied by an increase in both dispersion and skewness, implying that the right
tail of the distribution expands as some households anticipate higher in ation in response

to tax increases.

Figure 10.Impact of Personal Income Tax Shocks on Speci c Moments of One-Year Ahead and
Medium-Run EIDs

Notes: Each column shows the impact of personal income tax shock on the mean (left), standard deviation
(center), and skewness (right). The top (bottom) row reports the results for one-year ahead (medium-run)
expected in ation distributions, using the sample from 1983Q1 to 2006Q4.
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