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Abstract

We investigate the macroeconomic effects of shocks to the distribution of short-
term inflation expectations augmenting a parsimonious monetary policy Bayesian
VAR with heterogeneous expectations from the Michigan Survey. A first surpris-
ing result is that (the Michigan survey) inflation expectations do not seem to be
much influenced by macroeconomic developments, while the opposite is not true.
Moreover, a comprehensive density impulse response function analysis shows that it
matters to take into account the whole expectation distribution. First, it matters
because considering only the first and second moment of the distribution leads to
an underestimation of the macroeconomic effects of expectation shocks. Second,
mean and dispersion shocks are stagflationary. Third, left-tail perturbations ac-
count for the largest effect of expectation shocks on macroeconomic fluctuations.
It follows that central bank communication should focus on the tails: reducing the

noise/dispersion might be more effective than anchoring the mean.
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1 Introduction

What is the macroeconomic impact of a shock that changes the short-term inflation expectation
distribution?

The literature on inflation expectations is at the core of macroeconomics, as inflation expec-
tations play a crucial role in theoretical models and policy discussions. Recently, this literature
thrived with important theoretical contributions and empirical analysis, thanks to the increas-
ing availability of surveys. The large recent literature on inflation expectations takes mainly
a microeconomic perspective, focusing on understanding the formation and determinants of
inflation expectations.

While inflation expectations are obviously endogenous, one should not discard the possibility
that they can also move exogenously or independently from macroeconomic developments. In
their survey, D’Acunto et al. (2022) conclude that agents’ expectations are biased and volatile in
the time series, which suggests that inflation expectations might be subject to exogenous shocks.
Moreover, this idea seems embedded in the way policy makers think about expectations in their
speeches. These often feature discussions about the possibility of inflation expectations getting
out of control, as if policy has to respond to counteract exogenous shifts in inflation expectations.
This would not make sense in an environment of rational, or more general well-behaved, inflation
expectation formation process.

Therefore, here we take a macroeconomic perspective and revert the common question about
how expectations depend on the economic outlook to: how do exogenous shifts in expectations
affect macroeconomic outcomes? The literature on surveys indeed showed that exogenous varia-
tions in inflation expectations do affect agents’ economic consumption and investment decisions,
and that expectations about future inflation are associated to worse expected macroeconomic
outcome (e.g., Coibion et al., 2019, 2023; Weber et al., 2022). Ascari et al. (2023) show the the-
oretical and empirical relevance of exogenous variations of inflation expectations. Specifically, a
shock that increases the average short-term inflation expectation has negative macroeconomic
effects, increasing inflation and decreasing output.

However, we know that the rich information set contained in survey expectations is not
limited to the consensus forecast. Whether of households, firms, or professional forecasters,
we observe a pervasive cross-sectional heterogeneity. Possible explanations include substantial
inattentiveness to the temporal evolution of macroeconomic aggregates, sensitivity to salient
prices or personal experiences, and a variety of different biases (e.g., D’Acunto et al., 2022). This
dispersion in beliefs, or disagreement (Mankiw et al., 2003), exhibits substantial time variation.
Reis (2022) convincingly argues that there is important information content contained in the
higher order moments of the inflation expectation distribution.

Hence, we investigate the macroeconomic effects of various shocks to the short-term inflation
expectation distribution, using a Bayesian VAR (BVAR) to study the joint evolution of a number
of macroeconomic aggregates and the short-term inflation expectation distribution. In order
to have a sufficiently large number of survey respondents to meaningfully talk about higher
moments and a long sample size, we use the Michigan Survey of Consumers (MSC).

From a methodological standpoint, we explore three distinct approximations of the large

cross-sections of survey data: a discrete approximation, a continuous kernel-based density, and



a parsimonious Gaussian distribution. The discrete method leverages the raw survey responses,
offering an intuitive estimator of the probability mass function. The continuous kernel approxi-
mation smooths irregularities in the data and introduces continuity, accounting for the tendency
of respondents to report rounded values. Finally, the Gaussian approximation provides a sim-
plified baseline, assessing whether capturing the full heterogeneity of expectations is relevant
or not for macroeconomic analysis. The discrete and continuous version are inherently high-
dimensional and subject to constraints typical of probability distributions. To address these
challenges, we propose a piecewise constant decomposition that aggregates probabilities over
intervals, reducing dimensionality and enabling their direct use in macroeconometric models.
This approach balances interpretability and computational efficiency, ensuring that the hetero-
geneity driving macroeconomic fluctuations is accurately captured without reliance on overly
complex or restrictive assumptions. This allows us to map a broad range of heterogeneity in
the expectation formation process, thus, improving from studies employing just the consensus,
and contributing to the emerging literature concerned with the joint estimation of a time se-
ries of densities and macroeconomic aggregates (Chang et al., 2024; Meeks and Monti, 2023).
Moreover, note that exogenous perturbation of distributional datasets requires modification in
the way experiments are carried out. Another methodological contribution we make is to show
how to conduct dynamic analysis when an exogenous movement of the distribution is of inter-
est. In particular, given an initial distribution of interest obtained perturbing the steady-state
distribution, we compute the implied combination of exogenous distributional shocks. Since the
number of exogenous shocks to the distribution is higher that the time series involved, this task
requires a structural scenario analysis in the spirit of Antolin-Diaz et al. (2021).

We use this setup to study the cross-feedback effects between expectations and the macroe-
conomy. Our identification assumptions are based on the natural discrepancy between the date
on which the survey takes place and the release of the macroeconomic variables. A first notable,
and somewhat surprising result, is that movements in expectations are relevant to explain the
macroeconomic variables, but not vice versa. This result provides a strong rationale to study
the main question of our paper stated at the beginning of this Introduction.

We therefore investigate how several exogenous changes in the inflation expectation distri-
bution affect output and inflation, through a comprehensive density impulse response function
analysis.

First, we show that shocks that increase the mean and the variance of the distribution

! Moreover, our analysis shows that incorporating the whole cross-sectional

are stagflationary.
heterogeneity is important, as models based on just mean and variance would underestimate
the macroeconomic effects of inflation expectation shocks to these moments. Regarding the
possible transmission mechanism, we include the consumer sentiment variable from the MSC.
This variable drops after a positive shock to the first and second moment of the distribution,
signalling a bad expected future outcome by consumers, whose consequent behavior could trigger
the effects on inflation and output.

Second, we look at various shocks that change the skewness and the kurtosis of the distribu-

tion. Unlike location, dispersion is a more general concept and there are many ways to perturb

!This is consistent with the result in Ascari et al. (2023), using different US data.



the shape of the distribution. With our approximation, we are able to generate movements
related to specific parts of the distribution. We first look at symmetric shocks, showing that
tails shock — that is, perturbation where more mass is distributed to the tails — are recessionary.
Then, we investigate asymmetry to identify whether one part of the distribution is more relevant
in inducing these effects. Our findings show that the left tail of the distribution is the driver
of the negative effects on the macroeconomic variables that we found in the symmetric case.
On the contrary, movements in the right tail of the distribution have negligible (and positive)
effects. Coherently, consumer sentiment drastically drops after a left tail shock, while it does
not react in case of a right tail shock.

These results call for an investigation about who are the households populating the left
tail of the inflation expectation distribution. The MSC is a comprehensive survey, collecting
inflation expectations, but also a variety of other information. It turns out that the probability
of being in the left tail is positively related to have a college degree and to the level of income,
suggesting that our findings are not due to poorly educated households with no spending ability.

Third, we use our framework to investigate the role of inflation expectations in shaping the
dynamics of output and inflation during the last three US recessions: the 2001 episode that
followed the collapse of the dot-com bubble, the 2008 Great Financial Crisis and the recent
Covid-19 pandemic.

Finally, we discuss some possible implications of our results for central bank communica-
tion. Specifically, which part of the distribution should central bank communication target,
assuming that the central bank could change the shape of inflation distribution through effec-
tive communication? Should communication just focus on shifting the mean of the distribution
towards the 2% target? We devise a combination of mean and dispersion shocks such that the
distribution on impact is anchored at 2%, with different degrees of cross-sectional heterogene-
ity. As long as the dispersion around the mean is relatively low, shifting the mean towards
2% has positive macroeconomic effects. However, the results change if shifting the mean is
accompanied by an increase in dispersion. Then, economic conditions deteriorate substantially.
Our results, therefore, suggest that, with respect to short-term inflation expectations, commu-
nication should focus on decreasing dispersion, and particularly moving mass from the left tail,

where pessimistic expectations lie, rather than on moving the mean towards the 2% target.”

Literature. The literature on inflation expectations is vast, and there are excellent very
recent surveys (i.e., Weber et al., 2022; D’Acunto et al., 2022; Binder and Ryngaert, 2024),
such that there is no much point in summarizing it here. Moreover, as said, most of the
literature focuses on the effects of various factors (e.g., macroeconomic developments, beliefs,
personal experience, etc.) in shaping inflation expectations, while here we rather invert the
causation asking whether and how exogenous changes in inflation expectations have an impact
on macroeconomic variables.

Surprisingly, there are few papers in the literature investigating this question. Clark and
Davig (2011) is an early work that looks at short-term inflation expectations in a VAR analysis,

but it does not focus on the macroeconomic effects. Ascari et al. (2023) study the effects of a

2Interestingly, this echoes the discussion in Blinder et al. (2008) about the importance of central bank com-
munication to reduce noise and thus raise the signal-to-noise ratio.



shock to the mean of short-term inflation expectations both theoretically and empirically using
data from the Survey of Professional Forecasters in the US. They find that such a shock is
stagflationary, as we do. Barrett and Adams (2022) analyzes the same topic with a focus on the
empirical identification of such a shock, reaching opposite empirical conclusions. Neri (2023)
asks what are the macroeconomic effects of changes in long-term inflation expectations in an
empirical VAR on Euro area data. Given the focus on the long-term inflation expectations,
Neri (2023) connects to a large literature studying the effects of ‘de-anchoring’.

Contrary to the papers above, our paper focuses on the whole inflation expectation dis-
tribution, and not just on the consensus forecast. Reis (2022) was an inspiring work for our
analysis. He shows that, while inflation expectations seemed anchor in 1971 by looking at
the cross-sectional mean of professional forecasters’ or households’ expectations, looking at the
whole distribution would have revealed a very different picture providing timely sign of a shift
in inflation expectations. Reis (2022) provides two important takeaways for our work: (i) move-
ments in the whole distribution of inflation expectations provide important signals about future
inflation; (ii) there is a lot of information in the tails of the distribution. Motivated by these
two points, our analysis reinforces and expand the Reis (2022) conclusion beyond the effects on
inflation: inflation expectation distribution matters for macroeconomic dynamics.

Meeks and Monti (2023) is particularly related to our work. They use functional principal
component regression to fit an augmented Phillips Curve, where the distribution of short-
term inflation expectations appears on the right-hand side. They find statistical relevance of
considering the heterogeneity of expectations for inflation dynamics. Chang et al. (2024) propose
a State-Space model, where the dynamics of macroeconomic aggregates and log densities form
the state-transition equation. The infinite-dimensional log densities are discretized through
cubic splines over a certain interval.

Methodologically, our work is mostly related to the emerging literature on the joint esti-
mate of macroeconomic aggregates and distributional data derived from individual attributes.
Statisticians are increasingly interested in analyzing samples of random objects that do not
belong to vector spaces, such as univariate probability measures (Kokoszka et al., 2019; Chen
et al., 2021; Zhang et al., 2022; Petersen et al., 2022; Zhu and Miiller, 2023). On a broader
level, one can conceive densities as a specific class of functions featuring non-negative and in-
tegration constraints. The more general statistical examination of functional data resulted in
a large literature, comprehensively treated by Ramsay and Silverman (2005) and Horvath and
Kokoszka (2012), among others. In economics, functional data emerge in the context of yield
curves (Diebold and Li, 2006; Inoue and Rossi, 2019). Methods derived from functional data
analysis could also be used to deal with probability measures, as in Meeks and Monti (2023) or
Chang et al. (2024) quoted above. In these cases, proper densities are restored from the esti-
mated functions by ex-post renormalizations, which usually generate negligible approximation
errors.

Finally, to some extent, our work is related to an extensive recent literature on ‘expectational
shocks’, where exogenous changes in expectations are assumed to drive economic fluctuations,

through belief, sentiment, confidence or news shocks.?

3This literature investigates, both empirically and theoretically, how news about future TFP (e.g., Beaudry



In what follows, Section 2 presents the data, Section 3 the methodology, Section 4 the results,

and Section 5 concludes.

2 Data

We estimate the model on monthly US data, using a number of macroeconomic variables and
microdata from the MSC. The macroeconomic variables are: Real Oil Price (OP), Consumer
Price Index (CPI), Industrial Production (IP), and Nominal Interest Rate (IR). The period
considered is from January 1983 to December 2019, for a total of T = 422 observations.*

From the MSC, we use microdata on inflation expectations, and consumer sentiment. Each
consumer is asked to respond about the future expected inflation. In this study we focus on
expectations over the next 12 months, i.e., one year ahead inflation expectations.” The consumer
sentiment is constructed in the MSC by aggregating five questions related to the financial
and business conditions of the households, as well as short and long-term perspectives on the
economy. Individual sentiments are then pooled together to create the Michigan Consumer
Sentiment (SENT), which serves as a barometer for expectations about the economy.’

Finally, we use two measures of uncertainty: financial uncertainty (FU) and macroeconomic

uncertainty (MU) form Jurado et al. (2015).

3 Methodology

In this section we first describe how we summarize the large amount of information contained
in the survey by means of distributions. Then, we introduce our model that combines this
information together with macroeconomic time series. Finally, we show how to simulate the
effects of exogenous variations in the distribution of inflation expectations through density

impulse response functions.

3.1 Distributional Approximation

We consider three different distributional approximations of the large cross-sections of the ex-
pectations. In what follows, m denotes the general support of the expectations distribution, and
m;+ the observed individual inflation expectation of individual 7 at time ¢, where i = 1,..., NV

and NV; is the number of individuals.

1. The first approximation complies with the original format of the Michigan survey, where

inflation expectations are reported as integer percentage values. The most intuitive way

and Portier, 2006, 2014; Barsky and Sims, 2011, 2012) or exogenous waves of optimism and pessimism due to
sentiment (e.g., Benhabib et al., 2015; Angeletos et al., 2018) affect business cycle fluctuations.

4We start in 1983 to avoid the potential effects on expectations of the change in the monetary policy regime
during the Volcker disinflation period. The data can be downloaded from the St. Louis FRED database with the
following ID: WTISPLC, INDPRO, CPIAUCSL, FEDFUNDS, UMCSENT. We stop in 2019 to avoid the Covid
period.

5The questions refer to “prices in general” or “inflation”, without specifying a particular measure. The survey
is a short rotating panel with average number of respondent of 566 (min: 480, max: 1459). A summary of the
main features of the survey data is available in Appendix E.

SA detailed description of the index construction is available at https://data.sca.isr.umich.edu/
fetchdoc.php?docid=24770 .


https://data.sca.isr.umich.edu/fetchdoc.php?docid=24770
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to represent this dataset is simply by recording the proportion of respondents who report
specific inflation values. This approach utilizes the “raw data” directly, without additional
transformation. We denote this distributional approximation with the upperscript D (for

discrete) and summarize it as follows:

Ny

) 1 .
fPr=i)=pis, piz= N, ; 1[mj =1 (1)

where i is restricted in the interval {—50,...,50}, 1 [] is the indicator function that takes
value of 1 when the argument is true, and p; = [p—s0, - - -, Ps0,.) stores the time ¢ prob-
ability masses for each i. The discrete approximation uses empirical probabilities, which
serve as a valid nonparametric estimator for a discrete Probability Mass Function (PMF)
and converge consistently to the true distribution as Ny — +o0o0. Nevertheless, in finite
samples it may exhibit high variance. Discrete Kernel Density (DKD) estimators use
smoothing techniques to remedy this deficiency, mitigating the effects of small sample
sizes while retaining the discrete nature of the data. These estimators generalize empiri-
cal probabilities, which can be recovered as a special case when the bandwidth approaches
0. To formally test whether this limiting case is supported by the data, we implement
a DKD estimation procedure using the R package np (Hayfield and Racine, 2008).” No
significant differences are observed between the two approaches; therefore, we proceed in

the paper relying on the simpler and intuitive empirical probabilities.

2. Although the discrete assumption preserves the survey original structure, it neglects a cru-
cial aspect of the expectation formation process: rounding. It is a well-known fact that
consumers tend to report round numbers for simplicity, cognitive ease or bias, and/or
to express approximate guesses facing lack of information or uncertainty (Binder, 2017).
When consumers report an expectation of 5, for instance, they likely have in mind some-
thing around 5, encompassing a range of real-valued neighboring numbers. Thus, treating
the underlying expectations distribution as continuous is an alternative reasonable as-
sumption. To account for this, we find it convenient to work with densities that are
output of a continuous Kernel estimator, which allows us to remain agnostic about the
specific functional form. We label this approximation with the upperscript K (for Kernel)

and represent it as:

Nt
1 T™— T,
K( \ _ J,t)
) = — 2
£ () Nt&jzlqs( B (2)
where ¢(+) is the standard Gaussian kernel, and B; is a bandwidth selected at each ¢ using
Silverman’s rule of thumb. The kernel approach can be viewed as a cross-sectional filter
that smooths individual expectations over the cross-sectional domain. Sometimes the
discrete dataset shows jagged edges that are more likely to be noisy rather than rational

patterns (like the variability in the composition of survey participants). Then the Kernel

"In particular, for each ¢t we fit the Wang and Van Ryzin (1981) Kernel to the Inflation Expectations dataset
using a cross-validation strategy to select the optimal bandwidth. Figure D.1 in Appendix D compares the average
distributions over the temporal dimension derived from the empirical probabilities and the above mentioned kernel
method.



smoother helps to impose structure by reducing the overall cross-sectional variability. For
this reason, the continuous Kernel is our preferred approximation; and will serve as the

benchmark for all the experiments throughout the paper.®

3. The final approximation we consider is based on a parsimonious Gaussian distribution,
which serves as a baseline for assessing whether capturing the full heterogeneity is impor-
tant or not. Indeed, it may be that only a handful of indicators are sufficient to capture
the distributional shifts that are relevant to macroeconomic dynamics. We want to stress
that our goal here is not to achieve the best distributional fit for the expectations dataset,
but rather to identify the aspects of heterogeneity that drive macroeconomic fluctuations.

Under this approximation, identified with the upperscript G, we have:
FE (W) = N (e, 07) (3)

where w& = [p, 07]' stores the parameters characterizing of this last approximation.

Panel (a) of Figure 1 shows the raw proportions p; for each t (i.e., the grey crosses), along
with the average distributions implied by the three different approximations: E;(f), E(ff),
and Eq( ftG ). The pervasive heterogeneity observed suggests that a flexible distribution is indeed
essential. Inflation expectations show clear asymmetry, with a long right tail and multiple
modes. The majority of the probability mass is concentrated between 0 and 5, which we refer
to as the bulk of the distribution. Numbers such as 0, 5, and 10, have higher mass compared to
the closest neighbors, indeed suggesting that consumers tend to report “round numbers”. The
Gaussian distribution is clearly misspecified, as it fails to capture the evident asymmetry and
multimodality in the data. Notably, it assigns excessive weight to values below 0, where the
probability is actually low.

Aggregating probabilities. We face two main challenges in incorporating the discrete f
and continuous f approximations in a macroeconometric model. The first one is related to
their very high-dimensional nature. Indeed, the flexibility gained by not imposing parametric
forms comes at the cost of losing the ability to summarize the distribution with a handful of
parameters, as for the Gaussian case. Second, as probabilities, they do not live in a vector space
(being nonnegative and with a constrained sum/integral), thus making the application of typical
vector space methods not applicable. We tackle the first and the second issue by complementing
fP and f& with their respective cumulative probabilities/distribution functions over intervals
of interest. The number and width of these intervals are chosen with the objectives of: (i)
substantially reducing the dimensionality of these distributions, (ii) minimizing the likelihood of
constraint violations, thus enabling the use of an unrestricted vector-valued model. In particular,

let @ = {qo,q1,---,qm}, With go = —51 and gas < 50, be a set of integers that partition the

8We want to stress that the two kernel estimations conducted (this continuous one and the discrete kernel
mentioned earlier) are conceptually distinct and serve different purposes. The discrete kernel estimation is
intended to assess whether the empirical probabilities can be effectively used to estimate efficiently the underlying
PMF of the data, a conclusion supported by the results. In contrast, the continuous kernel estimation serves to
smooth the irregularities in the data. While this could be achieved using various continuous distributions, the
Gaussian kernel was chosen for its flexibility.
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Figure 1: Inflation Expectations Dataset. Panel (a): Inflation expectations dataset and
the distributional approximations considered in this study, from the cross-sectional perspective.
Raw proportions (gray crosses), mean of the discrete approximation (red circles), of the con-
tinuous Kernel approximation (blue dashed-dotted line), and of the Gaussian approximation

(black-dashed line). Panel (b): time series evolution of the 9 aggregated proportions of the
discrete (red lines) and the Kernel (blue lines) approximation.

inflation support. Note that M < 101, given that the maximum number of intervals is obtained
when we consider all the integers between —51 and 50.

For both the discrete and kernel approximation, we propose to work with aggregate proba-
bilities over the M intervals:

qm
o= X e wl= [ @ g
q

je(QM—l 7‘1771]

m—1

where w) = [wft,...,wﬁ[,t]’, and wi = [wft,...,w]{f[,t]’ collect the M dimensional, time ¢

aggregate probabilities among all the intervals. The rationale is simple: for each category,

we assume that the cross-sectional variability of the distribution can be well captured by a
single factor, calculated as the sum/integral of the individual probabilities. While alternative
methods for factor extraction can be explored, simple aggregation enhances interpretability.
For example, by setting ¢ = —1, wft represents the evolution of the percentage of individuals
reporting negative inflation values.”

This aggregation scheme naturally suggests a piecewise constant decomposition for both the
probability masses f and densities f, with jumps occurring at the knots g,, € Q. To note

this, consider that for the discrete case, equation (4) can be written compactly as:

WtD = I:IDpt

9To make a parallel with the literature, this metric is equivalent to the indicator used by Allayioti et al.

(2023) in a Smooth Transition VAR environment to identify periods characterized by (using their terminology)
“fear of deflation”.



where Hp is an (M x 101) selection matrix given by:

/
Lg1—qo 0 0
/
I:ID — 0 lgy—qi 0
/
L 0 0 Lani—anr—1]

with ¢ being a N dimensional vector of ones. To get a reasonable approximation of the vector
p:, we use the Moore-Penrose generalized inverse of Hp, that we indicate as Hp to keep the
notation simple:

p: ~ Hpw). (5)

In this particular case, each entry of the vector w{’ is approximated as:

wD .
m, .
Dt~ , JE€ (Qm—l)Qm]
dm — gm—1

as shown in Appendix A. It is worth noting that when M = 101, Hp collapses to an identity
matrix, meaning no approximation occurs. As M decreases, the approximation error increases
and the dimensionality reduction becomes substantial. In this case, the bias-variance trade-off
crucially hinges on the knots’ position, which we discuss next.'"

An important feature of the basis function system implied by (5) is the efficiency, stem-
ming from the fact that H,Hp is a diagonal matrix. This ensures the resulting coefficients are
independent, thus avoiding multicollinearity, and simplifying matrix operations compared to
non-orthogonal bases. The primary advantage of the piecewise constant approximation, how-
ever, lies in its enhanced interpretability. Specifically, wft directly represents the proportion
of respondents reporting an inflation value within the interval (¢;—1, gas] during period ¢. This
feature is critical, as a key contribution of this paper is the introduction of a framework to
analyze how changes in a distribution affect macroeconomic variables. When we design distri-
butional shifts for structural scenario analysis, we use infinite/high dimensional distributions,
which must be translated back into M aggregate categories. This task becomes trivial with
the proposed decomposition, as it avoids the need for additional processing in the form of op-
timization to obtain loadings from nonlinear basis functions. By contrast, more complex basis
systems, such as the piecewise cubic basis with constraints proposed by Chang et al. (2024),
require nonlinear optimization steps due to nontrivial mapping. It is important to stress that
the goal of this paper is not to indentify the best functional form to fit the densities — for
which the basis system of Chang et al. (2024) is undoubtely preferred — but rather to capture

the heterogeneity driving macroeconomic fluctuations. For this, we prioritize interpretability

10A similar argument can be made for f, by noticing that in practice we do not work with this infinite
dimensional object but rather with its high dimensional vectorized counterpart f2, obtained by evaluating fX at
a dense grid [—50, =50+, ...,50—4,50]’, with § = 1/100 for this paper. Specifically, the Kernel-based equivalent

of (5) is given by
£ ~ Hrgwi' (6)

where Hg is a [101/6 x M] selection matrix constructed in a similar manner to Hp.



Table 1: Intervals selection procedure

Empirical quantiles: ¢, m=1,..., M

-7 0 1 2 3 4 5 7 10 15
M =21 1 3 2 3 4 1 4 1 1 1
M =19 1 2 3 2 4 1 3 1 1 1
M =17 1 2 2 2 3 1 3 1 1 1
M =15 1 2 2 1 3 1 3 0 1 1
M =13 1 1 2 1 3 1 2 0 1 1
M=11 1 11 2 2 0 2 1 0 1
M=9 1 11 1 1 1 1 1 O 1

Notes: This table shows the results of the iterative process of selecting interval boundaries qm,
for different values of M. The procedure starts with M = 21 and reduces M incrementally,
recalculating the empirical quantiles at each step. Fach column represents all the empirical
quantiles found in the procedure. Each row corresponds to a specific M, the number of intervals
considered at that step. Entries represent the frequency with which each quantile appears as an
interval boundary.

over predictive accuracy, adopting an intuitive decomposition. While this method might not be
optimal for forecasting future outcomes of the inflation expectation distribution,'’ more com-
plex basis functions — though potentially better for forecasting — come at the expense of direct
interpretability, which is central to our analysis.

Interval selection. There are no established guidelines for selecting the number of intervals
or the placement of knots in spline-based methods. When higher-order polynomials are used,
the exact position of the knots becomes less significant because continuity is enforced at their
intersections. In our case with stepwise approximation, intervals selection is important as it
determines the values at which discontinuity occurs. Our approach follows a simple rationale:
intervals and their boundaries are determined jointly, to ensure that each category contains, on
average, a significant portion of the total probability. This helps avoiding redundant intervals
with negligible representation. The calculation is based on the raw, discrete dataset, and the

resulting intervals are subsequently applied to the kernel-smoothed version of the data.

Let 71 = 0.025, 7as = 0.975 7y, = 1 + =14, m = 2,..., M be an equally spaced sequence
on the unitary interval. We start from M = 21 and compute the median values (over the
temporal dimension) of the 7,,,-th empirical quantile of [r1¢, ..., 7N, ). The empirical quantiles
of the raw dataset form stepwise functions, as they are derived from inflation expectations sorted
in increasing order. With M = 21 we observe that many values satisfy the same quantiles,
indicating that the width of the intervals 7,,, — 7,,—1 (which is roughly 0.047 in this case) is not
large enough to encompass significant probabilities. To address this, we progressively reduce
M to 19,17,15,...,' repeating the calculations at each step. The procedure terminates when

all the empirical quantiles feature distinct values, ensuring that each interval contains a non-

HKokoszka et al. (2019) tackle the problem of forecasting dynamic densities with a variety of methods, both
parametric and non.

12This method of constructing the intervals, combined with the choice of considering only odd values for M
ensures that the central quantile q(ar41)/2 always correspond to the median, a key value we aim to control.
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negligible probability mass. The criteria is satisfied for the first time at M = 9 (with average
probability mass 7,, — T;,—1 = 0.12), with distinct empirical quantiles. Table 1 summarizes the
results of this procedure, showing, for each M considered, the frequency with which each value
appears. The final sequence is adjusted further by rounding the first element (¢ = —1), and
by replacing the last two knots with gpr—1 = 8, and ¢gpy = 11. This adjustment is motivated by
the unique characteristics of the survey, where the value 10 holds significant importance, acting
as a distinct mode in the long right tail. With this variation, the M-th interval is centered at
10, allowing it to be explicitly controlled. The interval selection procedure ends with M =9

intervals separated by knots:'?
Q ={-51,-1,0,1,2,3,4,5,8,11} (7

The procedure yields satisfactory results, as the last (M + 1-th) interval (11, 50] is sufficiently
wide to ensure that the sum of the first M proportions is systematically lower than 1.'* To

illustrate the results, Panel (b) of Figure 1 displays the time series evolution of the M = 9 aggre-

D

gated proportions of the discrete approximation wy,, ; (red lines), and the Kernel approximation

(blue lines).!?

3.2 The Time Series Model

The output of the distributional approximation is simply represented by the vectorized version
of the parameters among the three approximations considered: WtD , W{( (both M =9 dimen-
sional), and w¢ (two-dimensional). In other words, the nine time series of the parameters wﬁvt
and wg,t for m = 1,2,...9 — shown in Panel (b) of Figure 1 — approximate the time series
dynamics of the discrete and kernel approximations, respectively, as the two time series of the
parameters w? = [ut, 0%’ approximate the dynamics of the Gaussian approximation. These are
the time series that enter our time series BVAR model. For a € {D, K, G}, the time series of
parameters w¢ and the index of consumer sentiment form the expectation block e; = [w, s,
whose dimension, N, x 1, depends on the type of approximation considered. All the remaining
variables (MU, FU, OP, CPI, IP, IR) form the macroeconomic block x; of dimension N, x 1.
We form the N = N, + N, dimensional vector of endogenous variables y; by vertically stacking
the two vectors for each t: y; = [e;, x;] .

Let p¢ be the long run component of y;, we assume that the deviations (y; — p;) have
stationary dynamics and null unconditional expectations. We model these deviations as a
stable VAR:

S(L)(yt — ) =€, € ~N(0,X) (8)

13The same interval boundaries are used for the Kernel approximation, with just one difference: we adjust them
by subtracting 0.5 from each g,, value, effectively placing integer values at the midpoint of each interval. This
centering is crucial for the Kernel approximation, as it ensures that the aggregated probabilities remains accurately
aligned with the interval centers. In contrast, this adjustment does not affect the discrete approximation since
the probability mass outside the integers is always zero.

14In the resulting aggregate probabilities w and w{< there is only one instance where the probabilities touch
the lower bound of 0. Since the violation of the inequality constraint is so rare, there is no compelling need to
modify the likelihood to account for this negligible possibility.

B Figure D.2 in Appendix D shows the correlation matrix among wr.
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where ®(L) = Iy — ®L — ... — ®p L’ is the usual polynomial in the lag operator L, and & =
[®1, ..., Pp| are reduced form lagged parameters. Finally, €; is the N dimensional innovation
process with positive definite covariance matrix X. Our model is equivalent to the VAR in
deviations from its steady states of Villani (2009), with the difference that in this specification
some of the steady states are allowed to change deterministically over time to take care of non-
stationarity.' Under this specification, the long-run dynamics can be concisely represented as
p: = M, 0, where the rows of M; contain the variable specific deterministic basis functions, and
0 is the vector of parameters to estimate.

Priors and hyperpriors. Bayesian inference requires a prior distribution on the reduced
form parameters 0, ¢ = vec(®’), and 3. We assume that the long-run coefficients are apriori
independent and Normally distributed: 8 ~ N(6y, V), where 6y and Vg = diag(vy g, ..., Vi )
are, respectively, the estimated coefficients and 100 times their asymptotic variance resulting
from N separate OLS long-run fit. The VAR coefficients are a priori independent across equa-
tions, and Normally distributed: ¢ ~ N(0, V). For each coefficient ®,,;;, reflecting the p-th
lagged effect of variable j on equation 7, we set its prior variance according to the convenient

Minnesota structure:

A1 . .
>p 1=
)y — )PP
V(@p,ij) = ug?
17207 . .
pro? i F

where o7 denotes the sample variance of the residuals from an AR(4) model for variable i, A1,
A2, and A, are hyperparameters. Given the high dimensional setting, we estimate A; as in
Chan (2021), though we depart from this approach by assuming an inverse-Gamma hyperprior:
A1 ~ ZG(aq,az). The prior setting concludes by assuming the usual Inverse-Wishart for 3:
Y ~IW(3Xy,v), where ¥y and v are, respectively, the prior scale matrix and prior degrees of
freedom. We discuss the hyperparameters setting and the implementation details of the Gibbs
sampling steps in Appendix B.

Identification. We impose a set of minimal identification assumptions based on the natural
discrepancies between the date the survey is conducted, and the date in which macroeconomic
variables are released. The Michigan survey usually takes place between the third and the fourth
week of each month, whereas all the macroeconomic variables of the current month are released
weeks later. Hence, when consumers form their expectations, and answer the survey questions,
they don’t know which is the current value of the aggregate variables. As a consequence, they
can’t be influenced by them during the current month. This feature of the data allows us to
impose that all the macroeconomic variables have a zero restricted impact on the expectation

equations. However, we don’t impose this assumption for the oil price and uncertainty, which

The MU, FU, and expectation block variables are stationary, so we assume a constant trend for these se-
ries. In contrast, all macroeconomic variables exhibit non-stationary behavior, necessitating time-varying trends.
Specifically, we model CPI, IP, and IR with a quadratic polynomial. However, the long-run behavior of OP
exhibits a more complex pattern, and a simple quadratic trend does not yield a stable gap. To enhance the
flexibility of the quadratic polynomial, we extend it to a quadratic spline with a single knot positioned at the
midpoint of the time domain. This modification allows the overall trend to accommodate up to two changes
in the sign of the first derivative, compared to a single one for the simpler quadratic polynomial. The selected
specification results in relatively stable dynamics: we observe that fewer than 40% of draws from the posterior
leads to explosive behaviors.
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Table 2: Identification Assumptions.

Unc and OP shocks Expectation shocks Macro shocks

Unc and OP + 0 0
Expectation block / + 0
Core Macro / / +

Notes. FEntries in this table show the restrictions imposed: + positive sign, 0 no effect, / no
restriction. Rows represent the variables and column the shocks. Inflation expectation shocks
and other fundamental macroeconomic shocks are block identified. The Unc and OP are affected
on impact only by their own shock. The macro block shock does not affect on impact any of the
other variables.

we treat as the most exogenous variables in the system. It is reasonable to assume that oil
prices might instantaneously impact inflation expectations and sentiment because consumers
are likely to observe the petrol price - highly correlated with oil prices - at the petrol station
while filling their car tanks, and because the literature suggests that the price at the pump is a

very salient price for consumers. The identification assumptions are illustrated in Table 2.

3.3 Density Impulse Response Function Analysis

In this paper, we want to investigate the macroeconomic effects of shocks to the distribution of
inflation expectations, approximated by the M aggregated proportions. Thus, we are going to
perturb this distribution, using the identified shocks to inflation expectations, and then study
the response of the macroeconomic block through a Density Impulse Response Function (DIRF)
approach. Although each component of w{ enters the BVAR individually, it arises from the
same, constrained object. Therefore, when perturbing the distribution, it is essential to devise
movements that: i) respect the inherent constraints, and ii) represent economically meaningful
scenarios.

This Section explains how we tackle these challenges in constructing such a density impulse,
that is, a shock to the distribution. Let us use as an example what we would call later a
“mean shock”, that is a perturbation where the location of the inflation expectation distribution
increases from the baseline by, say, 1%. In a non-distributional framework, this corresponds
simply to a 1% increase in consensus (mean) expectations. In the distributional setting, however,
all proportions shift such that the modified distribution maintains the baseline shape, but shifts
to the new location.

Moreover, in addition to the specific movement, we need to define the composition of shocks
that generate these movements in the aggregated proportions. Recall that given our identifi-
cation restrictions, the shocks to expectations are block identified, so we use a targeted subset
of shocks. These correspond, at each time ¢, to N, reduced form shocks: the shocks to the
M parameters of distribution approximation plus the shock in the equation of sentiment. This
reflects our view that sentiment pertains to the expectation formation process for consumers. It
is part of the expectation block, as it is part of the MSC, because it directly affects consumer’s

expectations reflecting the consumer’s perceived stance of the economy. Thus, our structural
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Original (pdf) scenario Original (gf) scenario Aggregated scenario

\*"Baseline distribution — Perturbed distribution\

Figure 2: Example of Density Impulse construction: location shock. In this figure we
show the workflow to construct the experiment of the positive location shocks under the Kernel
distributional approximation. Panel (a) shows the pdf function; Panel (b) shows the quantile
function, Panel (c) shows the aggregated proportions (or probabilities). Each panel shows two
curves: the baseline one (dashed-blue line) and the perturbed one (solid-orange line).

shock to the expectation block is a linear combination of these N, reduced form shocks. How-
ever, there is an infinite number of linear combination of N, shocks that satisfy the particular
movement in the aggregated M proportions. This feature of “constrained” future movements
and shocks pave the way for a structural scenario analysis in the spirit of Antolin-Diaz et al.
(2021). However, given our distributional framework, we extend the standard methodology to
what could be interpreted as a “density structural scenario analysis”, since we find the posterior
distribution of the N, shocks realizations that satisfy the restrictions imposed by the pertur-
bation of the distribution, imposing all the other non-expectation shocks to be zero.Intuitively,
the infinite solutions of our problem are subject to a probability distribution that reflect the
correlations in the data. This procedure, which is explained in details in Appendix C, is very
general and allows us to experiment with a variety of economically meaningful shocks to the
distribution of inflation expectations. We can analyze variations in the common statistics like
the various moments, and we can even study the effects of exogenous marginal movements of
specific sections of the distribution.

To construct our density impulse, that is, the perturbation of the distribution, we find it
convenient to use as baseline the average distributions, i.e., either E;(f) or E;(f/) shown in
Panel (a) of Figure 1. We then apply shocks to these distributions, compute the perturbed
distributions, and re-aggregate them to align with the proportions used in the BVAR. However,
perturbing a distribution is inherently challenging, as linear combinations of distributions are
not valid distributions satisfying the integration constraint. To avoid this problem, we exploit
the correspondent quantile function (qf hereafter), that can be more easily manipulated, because
linear combinations of gfs yield valid gfs, which can then be mapped back to a valid probability
density function pdf.'” Figure 2 visualizes graphically the steps of the procedure for the location
shock in the Kernel case, which are summarized as follows.'® First, we start with the baseline
pdf (dashed-blue line in Panel (a)) — that will be equal to E;(f*) in our DIRF experiments
— which is aggregated as the dashed-blue line in Panel (c). As said, rather than perturbing

1"Notably, the “shock” itself must satisfy the monotonicity constraint to combine properly with the baseline
qf and produce a valid perturbed qf. The location shock corresponds to the quantile function of a Dirac delta
distribution, characterized by an infinite point mass at 1.

18For the sake of illustration, Figure C.1 and Figure C.2 in Appendix C shows the same procedure for the
case of the location shock for discrete approximation and for the case of a positive variance shock, respectively.
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directly this distribution, we make use of an intermediate step by exploiting the qf. Hence,
second, we recover the correspondent qf for the baseline distribution (dashed-blue line in Panel
(b)). Third, we perturb the gf (solid-orange line in Panel (b)). Fourth, from the qf we can
uniquely recover the correspondent pdf (solid-orange line in Panel (a)). Finally, we aggregate

the perturbed pdf, as shown by solid-orange line in Panel (c).

4 Results

Steady states. Figure 3 displays the estimated steady-state distribution of inflation expecta-
tions. The wide range of the answers (roughly from -5 to 20 percent) and the multimodality
of the distribution highlight the importance of the heterogeneity of beliefs. The median of the
distribution is about 3.6%."

The remainder of this Section presents the main results. Section 4.1 studies the cross-
influence between the expectation and the macro blocks of the model, providing indirect empir-
ical support to our identification strategy. Section 4.2 looks at the relative importance of shocks
to the two blocks in explaining the volatility of the variables in the BVAR. Section 4.3 contains
the main results of the paper, that is, the analysis, through density impulse response functions,
of the effects, on the macroeconomic variables, of different kind of shocks to the inflation ex-
pectation distribution: mean, variance, kurtosis and tail shocks. Section 4.4 investigates the
role of shocks to expectations during the three recessions caused, respectively, by the dot-com
bubble, the GFC and the Covid-19 outbreak (c). Finally, Section 4.5 investigates the effects of

communication shocks.

4.1 Cross-influence between blocks of variables

Before presenting our main findings, we investigate the cross-influences between two block of
variables, focusing on the lagged coefficients in the BVAR. Although lagged coefficients lack
structural information, they inform us about the relative predictive power of the lagged values
of the two respective blocks of variables. Importantly, contrary to the dynamic analysis of the
following sections, lagged coefficients are independent of the identification assumption described
above in Table 2, providing a valuable context to support (or challenge) the identification.

In a frequentist setting, one potential method to explore this relationship is to conduct
Granger-causality tests on parameter blocks. Here, we adopt a probabilistic perspective, lever-
aging on our model’s hierarchical structure to estimate the optimal shrinkage hyperparameters
for sub-blocks of the model.?’ To implement this, we adjust the framework discussed before,
which relies on a pair of shrinkages that do not consider the block structure of our distribu-
tional setting, by assigning distinct shrinkages to parameters associated with three portions of

the system:

19Fjgure D.3 in Appendix D shows the estimated trends and gaps for the three macroeconomic variables in
the BVAR.

20This approach is comparable to that of Chang et al. (2024), with a notable distinction: they select shrinkages
among blocks that maximize the Marginal Likelihood (ML) over a grid of candidates. Our prior setup is non-
conjugate and more flexible, though it does not yield analytical results for the ML.
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Figure 3: SS-BVAR Steady States Distributions. Posterior Steady State distributions
of the three approximations implied by the SS-BVAR. Discrete approximation (red circles),
continuous Kernel approximation (blue dashed-dotted line), and Normal approximation (dashed
black line). The red and blue shaded areas delimit the 95% credible bands of the first two
approximations.

e those related to the lagged effects of the macroeconomic variables on the expectation

equations: A€ for <I>7(,m_)e) (each block of size N x 3),

e those related to the lagged effects of the expectation variables on the macroeconomic
equations: A=) for @éegm) (each block of size 3 x N),

e all other elements, including the autoregressive blocks and cross-block interactions (e.g.,
macro to/from exogenous and expectation to/from exogenous), which are not central to

this analysis: ATt for <I>1(,reSt).

Notably, the blocks <I>§,m—>e), and <I>;(,e_>m) contain an equal number of coefficients, making them
directly comparable. Each of the three shrinkages has an inverse Gamma prior, with shape
and scale parameters a; = ao = 0.001, that peaks around 0.001, and is rather non-informative.
Figure 4 shows the comparison between the prior and posterior distributions for the two shrink-

€=m) i3 approximately 13 times greater than that of

ages of interest. The posterior median of A
Am=€) with minimal distributional overlap. Furthermore, the posterior distribution of (™€)
lies in a peripheral area of the prior. Probably, under an even flatter prior, its location would
decrease further, thus magnifying this result. In contrast, the absolute magnitude of \(€=™)
is not negligible considering the size of the system, making the parameters of this block to be
potentially influencing.

Independently of the identification assumptions, therefore, macroeconomic variables are less
relevant for expectations than expectations are for macroeconomic variables. This result sug-
gests that the expectation block is useful as a lagged predictor of the macroeconomic block, but
not vice versa. In other words, expectations dynamics influence macroeconomic dynamics, while

the reverse is not true. This evidence supports the recursive identification scheme described
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Figure 4: Expectations are predictors of macroeconomic variables and not vice versa.
Hyperprior (black line, right axis scale) and posterior distribution of the two shrinkage param-
eters: A(™~¢) (blue bins, left axis scale), and A¢7™) (orange bins, left axis scale).

earlier, based on the timing of the information set. Finally, let us stress that this is a satellite
exercise, while in the subsequent analysis we will assume the shrinkage setting described in the

prior section (with a common shrinkage parameter).

4.2 The important role of exogenous variations in inflation expectations

Here we show that the analysis of the forecast error variance decomposition (FEVD) of the two
blocks of variables of interest points to a similar message as in the last section: expectations
matters relatively more for macroeconomic variables than vice versa.

Expectations are barely affected by macroeconomic shocks. In Figure 5 we report
the forecast error variance decomposition (FEVD) of the two blocks of variables of interest.
The right plot in Panel (a) shows the quota of FEVD — at different horizons on the x-axis —
for each of the 9 (Kernel based) expectations explained by the three macroeconomic variables.
To facilitate interpretation, the FEVDs are depicted using different colors based on their loca-
tion. The lines start at zero given the assumption that macroeconomic variables do not affect
expectations on impact. However, what stands out is the relatively low magnitude of the de-
compositions even for long horizons, reflecting a quasi-exogeneity of expectations with respect
to the macroeconomic aggregates. This is a very surprising result given the fundamental tenant
in macroeconomic models that inflation expectations are fully endogenous to macroeconomic
developments. Instead, our result suggests that consumers in the MSC devote little attention
to these macroeconomic variables in forming their inflation expectations. This is somewhat
consistent with the recent large literature on survey expectations that showed that inflation
expectations are far from rational, subject to various biases, and affected more by personal
experiences or few salient prices rather than by the behavior of macroeconomic aggregates.

An additional interesting feature is the ranking that emerges by analyzing the single FEVD.
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Figure 5: Shock to inflation expectations are important drivers of core macroeco-
nomic variables, but not vice versa. Panel (a): Contribution of the two exogenous variables
(first subplot) and the three macroeconomic variables (second subplot) to the FEVD of the nine
expectations series at different horizons (x-axis). Different colors indicate the location in the
domain of the proportions. Left tail (< 0, blue dashed-dotted line), bulk (€ [1, 5], black lines),
right tail (> 5, red dashed lines). Panel (b): Contributions of the three different identified
blocks of indicators to the FEVDs of the macroeconomic variables at different horizons (x-axis).
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Figure 6: A simple Gaussian approximation leads to an underestimation of the effects
of shocks to inflation expectations. Comparison among the different approximations of the
contribution of the expectation block to the FEVD of the macroeconomic variables.

Although the responsiveness to macroeconomic fluctuations is generally low, it differs across
proportions. In particular, the proportions on the right tail (red dashed lines) are the least
affected, with values around 10% at the longest horizon, while the ones on the left tail (blue
dashed-dotted lines) are the most affected. The more central quantiles (black solid lines) are
somewhat in the middle. This pattern suggests that consumers’ expectation formation process
might be heterogeneous. The plot on the left of Panel (a) shows the quota of FEVD for each
of the 9 (Kernel based) expectations explained by the exogenous variables in our model, that
is, the uncertainty measures and the oil prices. First, shocks to the block of these exogenous
variables affects expectations much more than shocks to the macroeconomic variable block.
Second, results are again heterogeneous across proportions, with the left tail being particularly
responsive to shocks to these exogenous variables.

Exogenous variations in expectations affect macroeconomic variables. Panel (b)

of Figure 5 shows the FEVD for the macroeconomic variables. We partition the FEVD in three
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main contributions to streamline the interpretation: the expectations block (blue area), the
exogenous variables block, i.e., uncertainty and real oil price, (orange area), and the macroe-
conomic block (yellow area). The result is the opposite to the one in Panel (a): exogenous
shocks to the expectation block are an important determinant of variations in macroeconomic
variables. Moreover, their relevance increases with the horizon. The respective share of the
variance of the two year forecast error is roughly 25% percent for CPI, 36% percent for Indus-
trial Production and 36% percent for the interest rate. Figure 6 shows that it is important to
take into account the whole distribution of inflation expectations. It shows the FEVD for the
three different approximations considered. Considering only the first two moments of the distri-
bution (Gaussian approximation) would result in a sizeable underestimation of the importance
of shocks to inflation expectations for the FEVD of macroeconomic variables, with respect to
the other two proposed distributional approximations (Discrete and Kernel) that consider nine
intervals over defined proportions. Importantly, these results are robust to our identification

assumptions.?!

Together Figure 4 and Figure 5 uncover the same consistent main message: expectations
matter for macroeconomic variables, but not vice versa. Figure 5 suggests that the importance
of inflation expectations goes beyond their role in the propagation mechanism of macroeconomic
shocks, because there is an exogenous source of variation of expectations that directly affects
macroeconomic variables. Therefore, it is important to understand the reaction of macroeco-
nomic variables to shocks to inflation expectations. Moreover, Figure 6 shows that the whole
distribution matters, and not just the first two moments, as mainly considered in the literature
so far. Therefore, it is important to consider shocks to the whole distributions to understand
how macroeconomic variables reacts to exogenous changes in inflation expectations. This is
what we move next, by performing a battery of density impulse response functions, using the

methodology explained in Section 3.3.

4.3 Dynamic implications of shocks to inflation expectations: the distribu-
tion matters

This Section contains the main findings of this paper. We perturb the distribution of inflation
expectations, using expectation shocks and study the dynamic implications on all the variables
in the model. We conduct several experiments analyzing the marginal effects of a change in the

mean, in the dispersion and in some selected portions of the distribution.

4.3.1 Location shock

The first experiment we run is the distributional counterpart of the IRFs one would study if
the model contains a synthetic measure of expectations, like the mean. We ask the following
question: what is the macroeconomic effect of a shock that increases inflation expectations by
1%? A positive location shock moves the quantile function upward without altering its shape,
causing a rightward shift in the pdf, as shown by the dashed blue and orange lines in Figure 7,

Panel (a). We generate a scenario where the distribution of inflation expectations translates to

2lPigure D.7 and D.8 in Appendix D.1 show that these results hold when we assume that interest rate are
exogenous to expectations, or that all the macroeconomic variables are exogenous to expectations, respectively.
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Figure 7: A positive location shock has stagflationary effects. The figure shows the
macroeconomic effects of a shock that increases the location of the inflation expectations dis-
tribution of 1% on impact. Panel (a): Baseline and perturbed distributions on impact for
the discrete and Kernel approximations. Panel (b): comparison between the Gaussian (black
dashed lines), and the Kernel (blue dashed-dotted lines) approximations. Panel (c): comparison
between the Kernel and the discrete (red continuous lines) approximation. Shaded areas delimit
the 68% credible bands.

the right by 1% keeping its shape unchanged. In the Gaussian case, the experiment is simple
since it results in a positive change in the mean with no variation in the variance.

We evaluate the results among the three approximations by first comparing the Gaussian
and Kernel results (Panel (b)), and then the Kernel and discrete results (Panel (c)). We start
by interpreting the macroeconomic effects of such a shock in the Gaussian case, presented with
black dashed lines in Panel (b).

First, an exogenous increase in the mean of inflation expectations is stagflationary, induc-
ing a rise in inflation and a decrease in industrial production. This result is consistent with
Ascari et al. (2023) who obtain similar evidence in BVAR on aggregate variables, using differ-
ent both dataset and identification assumptions. Moreover, the negative response of sentiment
suggests that the effects on the economy work through the association of higher inflation with
a pessimistic perception about the economy. This is in line with robust evidence from surveys
pointing to households consistently having a supply-side view of inflation, such that they become
more pessimistic about the economic outlook when their inflation expectations increases (see,
e.g., Kamdar, 2019; Candia et al., 2020; Binder, 2020; Binder and Makridis, 2022). Moreover,
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Coibion et al. (2023) exploit a randomized controlled trial approach on Dutch households data
to provide causal evidence from inflation expectations to actual spending. Households who have
exogenously higher inflation expectations become much more pessimistic about the state of the
economy and their future income growth, and they sharply reduce their spending on durable
goods.

Second, blue dashed-dotted lines present the results of the Kernel-based distributional ap-
proximation. Both the parsimonious and the rich specifications agree on the fact that an exoge-
nous increase in inflation triggers stagflationary effects. Even though the two models exhibit
similar qualitative responses, however, there is a statistically significant and marked difference
in the quantitative responses of industrial production and the consumer price index. Specifically,
the parsimonious specification largely underestimates the magnitude of the recession induced
by the shock. As a response to the same perturbation, the effect on industrial production in
the richer model is more than two times bigger, with a long-lasting effect. Therefore, the distri-
bution matters in this exercise, because not taking into account the whole distribution would
lead to an underestimation of the effects of a shock to the mean of the inflation expectations.

Finally, in Panel (c) we compare the two rich distributional approximations, namely the
Kernel and the Discrete (red solid lines). The responses of the macroeconomic variables are
very close for the two rich approximations, but the credible bands are very wide for the Discrete
approximation. This is intuitive given the inherent characteristics of the kernel approximation.
Being the latter a cross-sectional smoother, it constrains the distributional variation of the
discrete case. Hence, it is natural that the two produce responses that are comparable in

median, with wider (possibly noisier) bands for the discrete case.

4.3.2 Dispersion shocks

The mean shifting shock informs us about the effect of a hypothetical scenario in which all
the households exogenously believe inflation will be higher within a year. Another relevant
scenario is represented by an exogenous variation of the disagreement, without a change in the
consensus. What are the macroeconomic effects of a shock that increases the dispersion of the
distribution, leaving the median unchanged???

Dispersion is a broad concept, as it involves any movement that modifies the shape of a
distribution. In a Gaussian context, it is easy to pin down the concept of dispersion, as there
is only one parameter that governs it. With more flexible (but still parametric) distributions,
multiple parameters influence dispersion, paving the way for a number of different scenarios.
In our framework, any movement that squeezes the distribution, moving probability mass from
the bulk to the tails, while keeping the median stable, represents an increase in dispersion.

We study dispersion shocks in two stages. First, mimicking the location shock in a dispersion
context, we introduce a “dispersion perturbation” that can be applied to all three approxima-

tions so as to compare the resulting macroeconomic effects. Being the Gaussian approximation

22These changes could also be interpreted as expectation uncertainty. While we are aware that a more
precise measure of uncertainty would be the standard deviation taken from the probability distribution of a
single household, the MSC does not provide those. Moreover, when available in surveys, these data have several
rounding and time-inconsistency issues making estimations of uncertainty not reliable. Hence, very often the
literature assumes that an increase in the dispersion of individual expectations across households proxies an
increase in the expectation uncertainty of the households.
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Figure 8: A positive standard deviation shock has stagflationary effects. The figure
shows the macroeconomic effects of a positive standard deviation shock. Panel (a): Baseline
and perturbed distributions on impact for the discrete and Kernel approximations. Panel (b):
comparison between the Gaussian (black dashed lines), and the Kernel (blue dashed-dotted
lines) approximations. Panel (c): comparison between the Kernel and the discrete (red solid
lines) approximation. Shaded areas delimit the 68% credible bands.

the most restrictive approximation, we will derive this common shock from the Gaussian case,
and then apply it to the other two approximations. In the second stage, we will further explore
dispersion with the flexible Kernel approximation, considering kurtosis and tail shock. Finally
in the next subsection, we will also consider asymmetric perturbations.

Standard deviation shock. As for all our perturbations, we go through the gf, as ex-
plained above in Figure 2. In the case of a unit increase in the standard deviation, the perturbing
qf is the one of a standard Normal, i.e., N(0,1). By adding this gf to the baseline Gaussian qf,
we obtain the gf of a Gaussian with the same mean, and a variance increased by one (see Figure
C.2 in Appendix C).?> We highlight two key aspects of this approach. First, due to the Kernel
and the discrete approximation asymmetry, this approach keeps a stable median while altering
the distribution mean, so inevitably our concept of “consensus invariance” refers to the median.
Second, our approach focuses on fixing the standard deviation of the perturbing distribution,

and not on the perturbed one outcome. Thus, in both the flexible approximations, it is not

23This general concept applies to any pair of random variables whose distribution is unimodal and parame-
terized with location and scale. If X; and X5 are independent Normal random variables with means p1, pe and
standard deviations o1, o2, then the sum of their gfs gives a Normal qf with mean pus = p1 + po, and standard

deviation o3 = 01 + 02.
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guaranteed that the standard deviation increases just by one. The same shock might impact
differently the standard deviation and higher moments.>*

Panel (a) of Figure 8 shows the baseline and perturbed distributions on impact after the
standard deviation shock under the the Kernel and the discrete approximations. Panel (b)
and (c) show the effects of the standard deviation shock on macroeconomic variables across
the three approximations. The blue dashed-dotted line in Panel (b) shows that a positive
dispersion shock causes a fall in industrial production and an increase in CPI. Hence, as the
mean shock, a positive dispersion shock has also stagflationary effects on the economy, channeled
by a sharp decrease in sentiment. However, this result holds true for the rich specifications —
both Kernel and Discrete, see Panel (c¢) — that take into account the whole distribution, while
a simple Gaussian approximation would fail to detect the stagflationary impact of a dispersion
shock. In the Gaussian case, industrial production does not respond significantly on impact and
then actually increases along the impulse response function, CPI barely moves, and sentiment
shows a small and very transient drop (see the black dashed line in Panel (b)). The results
suggest that the pass-through effect of a standard deviation shock from expectations to real
economy, via sentiment, can be detected only if the entire distribution is accounted for. From
a methodological point of view, the main messages from Figure 8 echoes the ones from Figure
7. First, the distribution of inflation expectations matters. Considering the entire distribution
enables to detect the stagflationary effects of a change in disagreement, that is, a change in
the standard deviation of inflation expectations. The findings indicate a potential pass-through
effect from the standard deviation of expectations to the real economy, mediated by sentiment,
which becomes evident only when the full distribution is considered. Second, while the responses
of macroeconomic variables are similar for the two detailed approximations — Kernel and Discrete
— the credible bands are significantly wider for the Discrete approximation. As explained above,
this is due to the nature of the approximation, and thus, from now onward, we will solely show
the results for the — less noisy — Kernel approximation.

Additional Dispersion Shocks. While in the Gaussian case, due to its parsimonious
features, the range of possible dispersion investigations ends here, the other two flexible ap-
proximations do allow for the examination of various dispersion shocks. However, there are
numerous ways to perturb a distribution, so it is necessary to identify dispersion variations
of particular interest. We are here focusing on perturbations including “kurtosis” and “tails”

behaviors, thus moving beyond the straightforward Gaussian scaling.?”

e Kurtosis shock. Here we consider an increase in dispersion that is not a pure scaling effect
(as before), but rather places more mass on the tail regions of the distribution. In order
to generate this movement, we employ the qf of a centered Generalized Normal (GN)

distribution with shape Sgny = 0.5, and scale ogn calculated indirectly to ensure that the

24 Although this is not directly controlled, in the experiment we observe a standard deviation increase of 0.924
(0.94) for the discrete (Kernel), making the comparison reasonable. Another approach could be to perform a grid
search to identify the standard deviation of the perturbing qf needed to induce a standard deviation increase of
exactly one.

2To avoid confusion (given that now the standard deviation is a function of different parameters) we label the
previous experiment about standard deviation as “Scaling”, to emphasize the origin of dispersion, as opposed to
the Kurtosis.
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Figure 9: Positive dispersion shocks: Tail shocks are recessionary. The figure shows
the macroeconomic effects of three dispersion shocks: Scaling, Kurtosis, and Tail. Panel (a):
three quantile functions used to induce the increase in dispersion. Panel (b): contemporaneous
effects of the three different perturbations on the inflation expectations distribution. Panel (c):
Median IRFs of the macroeconomic variables after the three shocks. Panel (d): Median IRFs
and 68% credible bands of the macroeconomic variables after two selected shocks: the Scaling
(blue dashed-dotted lines), and the Tail (black lines).
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resulting standard deviation is equal to 1, as in the previous standard deviation shock.?’
We label this shock as “Kurtosis”. The red dashed-dotted line in Panel (a) of Figure
9 shows the perturbing qf used to induce this dispersion shock, in comparison with the
pure scaling effect considered before (blue solid line), and the top-right graph in Panel
(b) shows the corresponding perturbation of the inflation expectation distribution (Kernel

approximation).

o Tuil shock. While previous shocks have influenced the entire expectations domain with
varying intensities, we now consider an exogenous shock that affects only a subset of the
range of individuals’ beliefs. Specifically, we investigate shifts in the two tails, defined by
the values of the domain associated with the first and last 20% of aggregate probability
(around 0.63 for the left and 5.7 for the right). The way we move them follows the rational
of the location shock: the left (right) tail moves to the left (right) without altering its
shape, leaving the bulk unaffected (that in this case is the central 60% of aggregated
probability). As for the others, the shift is calibrated such that the standard deviation
of the perturbing qf is 1. This shock does not affect the median, and it is symmetric.
We label this shock as “Tail”. The yellow dashed line in Panel (a) of Figure 9 displays
the perturbing qf used to induce this dispersion shock, and the bottom graph in Panel
(b) shows the corresponding perturbation of the inflation expectation distribution (Kernel

approximation).2”

We now investigate the macroeconomic effects of these shocks, and compare them with the
results of the previous “standard deviation shock”. Panel (c) of Figure 9 displays the median
IRFs for all the three experiments - Scaling, Kurtosis and Tails - for sentiment and the macro
variables. The graphs show that the IRFs after a Kurtosis shock exhibit a very similar shape
as the one for the scaling shock, but the effects are smaller. This is not very surprising if one
compares the Scaling and Kurtosis perturbations of the inflation expectations distribution in
Panel (b). Both the two perturbed distributions deplete the bulk and distribute the mass on the
other parts of the distribution — as evident also from the qf in Panel (a). The two shocks differs
in the way they distribute the mass from the bulk to the other part of distribution. However,
given the way we constructed the two shocks, the main difference regards the effect on the bulk:
the Scaling perturbation affects much more the bulk than Kurtosis. That’s explain why the
Scaling shock has similar but larger effects.

The Tails shock is instead very different in nature. It leaves the bulk of the distribution
substantially unaffected and simply stretches out the two tails of the distribution. Looking at
Panel (c), the Tail shock exhibits significantly stronger effects on both industrial production
and prices. Specifically, a Tail shock is not stagflationary on impact, but rather recessionary,
because both industrial production and prices decrease. However, Panel (d) compares the IRF's
of the Scaling and the Tail shocks, — shaded area delimit the 68% credible bands — shows that

26The GN distribution includes the Normal for Sgy = 2, and the Laplace for Ban—1. In general, it features
a positive excess of kurtosis for any Ban € (0, 2).

2"We want to stress that such an experiment is impossible to conduct with other parametric approximations,
thereby confirming the validity of our “agnostic approach”. While the Kurtosis shock could be examined para-
metrically by approximating the inflation expectations distribution either with a GN or a T distribution, these
method will not accommodate such a tail type of shock.
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the price level response is not significantly different from zero.

From these experiments, we learn that dispersion shocks negatively impact industrial pro-
duction, consistent with a negative response of sentiment. A dispersion shock operates in two
ways: it reduces the probability mass in the bulk and redistributes it across the distribution.
Both features matters. The Scaling shock demonstrates that depleting the bulk has stagfla-
tionary effects: industrial production decreases while the price level rises. In contrast, the Tail
shock reveals that shifting more mass to the distribution tails also has pronounced negative
effects on industrial production, but it causes the price level to decrease, at least initially and

for a few months.

4.3.3 Asymmetric dispersion shocks

The previous subsection shows that Tail shocks can be recessionary on impact, because they
induce a negative response of the price level. Does this effect depend on one of the two tails?
It is natural to conjecture that the left tail should be responsible for the negative effect on the
CPI, unless tails generate puzzling effects — as, for instance, an increase in inflation expectations
by households populating the right tail implies lower inflation. More generally, this Section in-
vestigates whether the effects of dispersion shocks are driven by the redistribution of probability
mass from the bulk to a specific part of the distribution, namely the right or the left part.

To investigate asymmetric effects, we must decompose the contribution of left and right
components of dispersion shocks analyzed so far. Given their symmetric nature, each dispersion
shock’s perturbing qf can be seen as a combination of two parts. To notice that, let G(7)s
represent a symmetric perturbing qf defined on 7 € (0,1). It can be represented as the sum of a
left perturbing qf (¢(7)— = ¢(7)s1(7 < 0)), and a right perturbing qf (§(7)+ = ¢(7)s1(7 > 0)),
so that ¢(7)s = ¢(7)— + q(7)+. Analyzing ¢(7)— and ¢(7)4+ separately (that are not symmetric
by definition) provides insight into the marginal contribution of the two sides of the distribution
in the overall symmetric effect. Panel (a) and (b) of Figure 10 visualizes the contemporaneous
perturbation applied to the distribution in the case of Scaling and Tail shocks, respectively, for
the cases of left tail, right tail and symmetry (as in the previous subsection). Note how these are
the asymmetric cases of the experiments above. In the case of a Scaling shock, the probability
mass is taken from the bulk and redistributed uniformly. However, this happens either just for
the left part of the distribution (the top-left graph in Panel (a), i.e., ¢(7)_) or the right one (the
top-right graph in Panel (a), i.e., §(7)4+). Panel (b) displays similar effects but for tail shocks,
which increase the mass on the left or right distribution tails.

Panel (¢) and (d) in Figure 10 show that the two asymmetric shocks have very different
effects on the macroeconomic variables, for both the Scaling and Tail shock. Let us first focus
on the effects of the asymmetric Scaling shock on the macroeconomic variables in Panel (c).
Note that the decomposition of the symmetric case into ¢(7)— and ¢(7)+ is exact only for initial
perturbed distributions. However, we expect that the sum of the two median IRFs of the two
asymmetric experiments approximate satisfactorily the symmetric one. The initial negative
response of IP — bottom-left in Figure (c) — in the symmetric case (black solid line) is entirely
due to the movements in the left tails of the distribution, shown by the blue dashed line. The

same is true for the negative response of sentiment. The response of the CPI is as one would

26



Left Right Left Right

0.15
0.1
!
o ‘ M
N -
~ 0 S o
-5 0 5 10 15 -5 0 5 10 15 5 10 15 -5 0 5 10 15

- - - - Baseline distribution Perturbed distribution - - - - Baseline distribution Perturbed distribution
(a) (b)
Consumer Sentiment Consumer Price Index s Consumer Sentiment 3 Consumer Price Index
{ 2
0= P o
1t [ .2 To--s
4
y
5 e ——
1
-107 )
o 10 20 30 40 0 10 20 30 40 0 10 20 30 40 “o 10 20 30 40
4 Industrial Production Interest Rate s Industrial Production Interest Rate
- 0.6
{ ------------------------------------ 0.4
(=
A EIN— 0.2 P
’ == . T
’ 0 ~_7 ==
s/ NS A——— =]
0.2[
-10 0.4
0 10 20 30 40 0 10 20 30 40
Symmetric ---- Left - Right Symmetric
(c) (d)

Figure 10: Left-tail perturbations account for most of the macroeconomic effects.
The figure shows the macroeconomic effects of the asymmetric version of two dispersion shocks:
the Scaling in Panel (a,c), and the Tail in Panel (b,d). Panel (a): contemporaneous effect of
the left, right, and symmetric version of the Scaling shock. Panel (b) shows the same but for
the Tail shock. Panel (c): IRFs of the macroeconomic variables after the three Scaling shock.
For the asymmetric part we also show the 68% credible bands. Panel (d): shows the same but
for the Tail shock.
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expect: movements in the left tail induce a decrease in the CPI on impact, and the opposite for
movements in the right tail, so that the CPI response for the symmetric case is not significantly
different from zero. Finally, note that these differences are statistically significant, at least for
the initial part of the IRFs.

The relative higher relevance of movements in the left tail is even more pronounced in the
case of a Tail shock. In this case, shifting the right tail of the distribution to the right has barely
any effect on sentiment, IP and CPI. The dynamics of the IRFs of the macroeconomic variables
in the symmetric case are entirely driven by the stretching of the left tail of the distribution.
Specifically, both the strong negative effects on sentiment and IP and the response of CPI almost
coincides with the IRFs caused by the left tail movement. Hence, it is not surprising that the
initial response of CPI is negative, inducing a recessionary effect on impact. The responses to a
right tail shock are muted, and qualitatively go on the opposite direction: IP increases and CPI
drops, while sentiment does not respond. Therefore, the answer to the initial question about
which tail causes the symmetric tail shock to be recessionary is clear: it is all about the left
tail shock. Moreover, this does not apply only to the response of CPI, as conjecture, but also
to the negative response of IP.

By decomposing the symmetric shock in perturbations of the left and right part of the
distribution, this analysis underscores the importance of asymmetries in understanding the
transmission mechanisms of dispersion shocks, highlighting the dominant role played by move-
ments in the left part of the distribution for both Scaling and Tail shocks. The Tail shock,
in particular, illustrates that movements in the extreme tails of the distribution have opposite
effects on IP and CPI, and that the left tail ultimately determines the outcome of the Tails
shock as recessionary.

Who populates the left tail? The empirical evidence that emerged from the asymmetric
dispersion shocks stimulates further investigation. Why do left-exogenous movements generate
bigger macroeconomic fluctuations? To try to answer this question, we study the individual
characteristics of the households forming the MSC. The MSC is a comprehensive survey, col-
lecting inflation expectations, but also a variety of other information, including income and
wealth, demographic statistics, personal finance, expectations and so on. Specifically, we want
to assess if the probability of having low inflation expectations (i.e., being within the left part
of the distribution) depends on some individual features.

Table 3 shows the results from two Pooled OLS regressions with time-fixed effects.?® The
dependent variable is a binary transformation of inflation expectations that takes the value of 1
if the individual ¢ inflation expectation lies in a given interval, A. In row 1 the interval represents
the full left tail, while the second row filters out excessively low values of inflation expectations.
The results are the same. Remarkably, the probability of being in the tails is positively related to
the probability of having a high income. Figure 11 shows that the distribution of the correlation
between income and inflation expectations across time — i.e., given the cross-section for each
time t — is significantly negative. Moreover, despite showing a downward bias in inflation being

in the left tail, these households tend to be more optimistic, in terms of sentiment. Moreover,

28Individual fixed effects are not considered, given that the MSC has a rotating panel structure, and the same
household remains in the survey for no longer than three periods. Thus, it is impossible to track the story of an
individual across time.
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P[E;(m412) € A] = py + X;fﬂ +€it

Specification ‘ Hold Diploma ‘ Hold Degree ‘ Income (quintiles) ‘ If Invest ‘ Sentiment ‘ R-squared

A =[-50,1] —0.0099 0.0048 0.0100*** —0.0054* | 0.0664*** 0.0323
(0.0065) (0.0029) (0.0012) (0.0032) | (0.0012)

A=10,1] ~0.0099 0.0046 0.0094*** —0.0024 | 0.0633*** 0.0302
(0.0063) (0.0028) (0.0011) (0.0031) | (0.0011)

A=10,2] ~0.0109 0.0105"** 0.0124*** 0.0205*** | 0.0789*** 0.0407
(0.0069) (0.0031) (0.0013) (0.0034) | (0.0012)

Table 3: Pooled OLS regression on inflation expectations. The dependent variable takes
the value of 1 if individual 7 has an inflation expectation that falls within the set A, 0 otherwise.
The regression includes both time and fixed effects. Number of observations = 114.847. For
the sake of parsimony, we show the results of some relevant variables. The full specification is
available in Table D.1 in Appendix D.

the coefficients suggest that people in the left tail of the distribution are relatively more educated
— i.e., higher probability of holding a degree and lower of holding a diploma — even if they are
only marginally significant (15% level). These results suggest that people in the left tail of
the distribution are relatively more educated and have a relatively higher capacity to spend,
given the higher income, providing some indirect support for the transmission mechanism of

expectation shocks to the macroeconomic variables that we found in the BVAR analysis.
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Figure 11: The relation between inflation expectations and income is significantly
negative. The figure shows the distribution across time of the correlation between inflation
expectations and income calculated using the cross section for each time t.

4.4 The role of shocks to inflation expectations during recession events

The goal of the experiments carried out so far was to investigate the effects of different pertur-
bations to the inflation expectation distribution — Location, Scale, Kurtosis, Tail — on macroe-
conomic variables of interest. We learned that location and dispersion shocks are stagflationary,
while tail shocks are recessionary, with especially strong effect coming from the left tail. How-

ever, the assumed perturbations are not necessarily observed in the sample considered, so one
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Figure 12: Shocks to the distribution of inflation expectations have relevant macroe-
conomic impacts during recessions. The figure shows the effects of shocks to expectations
during three recessions caused by the dot-com bubble (a), the GFC (b) and the Covid-19
outbreak (c). The first panel of each row compares observed and counterfactual inflation ex-
pectation distributions at the end of the horizon of each exercise. The central panels display
observed and counterfactual industrial production, expressed in deviation from the estimated
trend. The left panels compare annual inflation in percent. Data are plotted in continuous black
lines and counterfactual developments in dashed red lines. For the counterfactual output and
inflation we plot the 68% credible bands that account for the estimated parameter uncertainty.
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might wander how relevant they are in the real world. Hence, we now analyze movements in
the inflation expectation distributions during the last three recessions: the 2001 episode that
followed the collapse of the dot-com bubble; the Great Financial Crisis (GFC) and the Covid-19
pandemic.

To understand the role of expectations, we construct counterfactual exercises for the three
recession episodes, calibrating to zero the estimated shocks to inflation expectations for a given
period of time. Figure 12 shows the effects of expectation shocks in the three cases, comparing
the observed data (continuous black lines) and the counterfactual behavior of the inflation
expectation distribution, the output gap and inflation (dashed red lines).

The first row of Figure 12 shows the results for the 2001 episode. We construct the exper-
iment calibrating the expectation shocks to zero from March to November 2001: the period
corresponding to the NBER recession. In the upper-left panel we compare the actual and coun-
terfactual distributions of inflation expectations at the end of the horizon, that is November
2001.2Y The shocks to expectations operate a shift of the mean to the left (from 2.2% to 0.4%),
and an important increase in the left tail (the proportion of respondent that expect negative
numbers increase from 17% to 30%). In Section 4.3 we find that positive location shocks are
stagflationary while tail shocks are recessionary. Then, a negative shift of the mean and a pos-
itive increase in the left tail have counteracting effects on output (upper-central panel) making
the overall effect small.?’ On the other hand, both the increase in the left tail and the decrease
in the mean have negative effects on inflation, with a peak of 0.4% in May 2002.

The counterfactual exercise for the GFC is constructed setting expectation shocks to zero
for the first six months of the NBER recession, that is from December 2007 until May 2008.
The central-left panel of Figure 12 shows the counterfactual and the observed distributions in
May 2008: they have similar shapes, with the observed one clearly translated to the right.
Shocks to expectations produce an increase of both the first and second moments: the mean
is equal to 6.9% in the observed data, and to 4.4% in the one without expectation shocks; the
standard deviation is equal to 5.7 in the data and to 5.2 in the counterfactual exercise; finally,
the skewness is substantially the same for the two distributions. Then, we interpret the effects
of the exogenous variation in expectations as a combination of a positive location and positive
dispersion shocks. In Section 4.3 we find that both kind of disturbances have stagflationary
effects. Without the impact of expectation shocks, output would have dropped less reducing
the trough of the crisis of about 20%. The positive effect on inflation comes earlier: in July
2008 higher inflation expectations account for about 1% CPI inflation, partly contributing to
explain the “missing disinflation” puzzle (e.g., Coibion and Gorodnichenko, 2015).

For the Covid-19 pandemic, we shut down expectation shocks for three months: February,

March and April 2020.>' Comparing the distributions in April 2020 we note that expectations

29 Also for the other recession episodes we show the last month of the counterfactual exercise as representative
of the effects of expectation shocks to the distribution. A richer set of distributions during the counterfactual
periods are reported in Figures D.4-D.6 in Appendix D.

30The negative impact from the tail shock initially prevails, while the mean shock predominates at longer
horizons. This result is consistent with the estimated DIRF's, as clear from panel (c¢) of Figure 7 and panel (c) of
Figure 10.

31The Covid-19 pandemic period is outside our estimation sample. To construct the counterfactual, we use
the posterior distribution of the parameters estimated in the original sample that ends in December 2019.
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shocks move probability mass from the bulk to the right tail of the distribution (bottom-left
panel of Figure 12). The effects are very comparable to what we label as “asymmetric Scaling
shock”, that for the right tail has a stagflationary impact: see panels (a) and (c) of Figure 10.
To corroborate our interpretation, note that differently from the GFC, here the increase in the
mean and the dispersion is also combined with an increase in the skewness, from 0.28 to 0.39.
The bottom-central panel shows that expectation shocks have slowed down the post-pandemic
recovery, with the industrial production gap closing about one year earlier in the counterfactual
exercise. Finally, from the bottom-right panel we see a positive impact on inflation consistent

with the nature of the expectation shock.

4.5 Central bank’s communication

In this subsection, we investigate the potential implications of our results for monetary policy
communication. Despite households are generally inattentive to monetary policy, our results
suggest that there might be scope for a communication strategy, that should aim not only to
convey the consensus (mean) or target, but to affect the whole distribution or, better, some
targeted location in the distribution. Assume communication is effective so that it can influence
households’ expectations, then, one could ask whether it is more important to change the
mean of the distribution towards the 2% target or to decrease the disagreement/uncertainty
(dispersion shocks) or to target some specific part of the distribution (asymmetric tail shocks).

In order to investigate this, we study the effects of exogenous distribution shocks that
discipline the expectations toward the 2% inflation target, as if these shocks were the result
of effective communication. More specifically, we devise three scenarios, featuring different
effects on the shape of the distribution on impact. The first scenario shifts the steady state
distribution to the left so that the mean is equal to 2% — hence, we label it “Anchored steady
state”. This case describes a central bank communication policy which tries to steer the mean
of the distribution, disregarding the shape. The second scenario corresponds to the, possibly
ideal, case in which the communication shock makes the initial distribution of expectations
equal to a Normal with mean and standard deviation equal to 2. In this case the cross-sectional
dispersion is limited — the signal-to-noise ratio here is /o = 1 — and fairly disciplined. In the
third scenario, we assumes that after the shock, the distribution is a GN with a mean and scale
of 2 and a shape parameter of 0.5, which implies heavier tails than for the Normal distribution.
This case corresponds to a communication policy able to steer the median to the target, but
leading to higher dispersion.*?

The first Panel of Figure 13 provides, as before, a graphical representation of the movements
on impact of the distribution of expectations under the three scenarios, whereas Panels (b)
and (c) show the IRfs of macroeconomic variables. Looking at Panel (b), a communication
policy able to shift the median to the 2% target — yellow dashed lines — induces a positive and
persistent response of IP — as well as sentiment — and a negative and persistent response of

the CPI. This suggests that shifting inflation expectations to target is beneficial for the real

32Notably, we do not adjust the scale to make the last two shocks comparable as we did before. This is
largely due to the first scenario only entailing a shift in the baseline distribution, thus precluding any meaningful
comparison.
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Figure 13: Macroeconomic effects of three communication shocks. Panel (a): Baseline
and perturbed distributions of the three shocks considered. Panel (b): Median IRFs of the
macroeconomic variables after the three shocks. Panel (c): comparison between the Normal
and the Generalized Normal (fat tails) shocks together with the 68% credible bands.

economy, as this is a Location shock as in Figure 7 — recall from above that the median of the
steady state distribution is 3.6%. The responses of the macroeconomic variables when the the
initial distribution translates into a Normal N (2,2) — solid blue lines — are very similar to those
obtained when the shock produces a shift in the median, but much more pronounced. This
demonstrates the additional, and substantial, benefit due to the decrease in the dispersion of
the inflation expectation distribution, as we saw in the case of dispersion shocks. The third
scenario stresses even more the importance of dispersion. This case represents a “muddled”
communication policy, that is able to steer the median to target, but leads to a greater dispersion
of the distribution. The responses of macroeconomic variables — dashed-dotted red lines — differ
from the other two cases. Specifically, consumer sentiment drops on impact, the initial response
of industrial production is negative, and the CPI, after an initial temporary drop, increases for
some time. Panel (c) compares the second and third scenarios, showing that the responses of
macroeconomic variables in these two cases are indeed statistically different. These differences

stress the importance of the tails of the distribution: it is not sufficient to cause a shift of
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Figure 14: Macroeconomic effects of truncated versions of the GN shock. Panel
(a): Baseline and perturbed distributions associated with the shocks. Panel (b): IRFs of the
macroeconomic variables. Median for the non-truncated GN(2,2,0.5); median and 68% credible
bands for the truncated distributions.

the mean towards the target, but communication should avoid leaving mass on the tails of the
distribution.

Given the results in the previous subsections, logically, a further question follows: are the
two tails alike, or should communication target a specific tail? The next experiment thus
truncates the left and right tails in the GN(2,2,0.5) distribution, as shown in Panel (a) of
Figure 14. The probability masses in the left and right tails collapse to a value not lower than
zero — GN(2,2,0.5)>0, top-left graph in Panel (a) — or not larger than 5 — GN(2,2,0.5)<s,
top-right graph in Panel (a) — respectively. The comparison between the IRFs in Panel (b)
shows that the negative reaction of sentiment and IP under the GN(2,2,0.5) distribution is
entirely driven by the (fat) left tail of the distribution. In the absence of the left tail, i.e.,
GN(2,2,0.5)>0, the responses of the macroeconomic variables are in line with the ones of the
Normal N (2,2) analyzed in the first scenario: sentiment and IP responses are positive and the
CPI decreases persistently. Hence, a communication strategy that targets the left tail of the
distribution, but leaves the right tail fat, causes a similar reaction as an ideal communication
scenario, depicted here as a Normal N(2,2). This result suggests that a central bank should
focus its communication on convincing consumers that inflation will not be too low — negative in
our experiment. Since these values can be considered evidently unrealistic, this strategy seems

relatively simpler, but most of the improvements in the real activity seem to emerge through it.

5 Conclusion

We have developed a Monetary Policy BVAR, augmented with heterogeneous beliefs from the
MSC, in order to shed light on the macroeconomic effects of shocks to the entire distribution of
short-term inflation expectations. In line with Reis (2022), the main message of this paper lies
in acknowledging the existence of essential information content in the higher order moments of

the inflation expectation distribution that should be considered in applied work. The periphery
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of the distribution, often overlooked in parametric approaches, emerges as a location driving
substantial macroeconomic fluctuations.

Our analysis reveals the following main results. First, and somewhat surprisingly, house-
holds’ inflation expectations affect macroeconomic variables, but not as much vice versa. Second,
shocks that increase the first two moments of the distributions are stagflationary, and models
based on just mean and variance — without accounting for the whole cross-sectional heterogene-
ity — would underestimate the macroeconomic effects of these shocks. Third, the transmission
mechanism of these shocks goes through consumer sentiment, and thus through the relationship
between inflation expectations and the perceived future outcome by consumers, in line with the
microeconomic survey evidence (e.g., Coibion et al., 2019, 2023; Weber et al., 2022). Fourth,
shocks that stretch the tails of the inflation expectation distribution out are recessionary, since
both industrial production and prices decrease. Fifth, by introducing asymmetry, we provide
further evidence on the specific portions of the distribution that trigger the results. In par-
ticular, it emerges that left-tail perturbations account for the largest macroeconomic effects.
Sixth, we show that households populating the left tail have relatively higher income and are
more educated, suggesting that our findings are not due to poorly educated households with no
spending ability. Seventh, we show that exogenous movements in inflation expectations played a
role in shaping the dynamics of output and inflation during the last three recessions. Finally, we
discuss implications of our results for central bank communication, revealing a possible complex
trade-off for central banks. Communication should focus more on decreasing dispersion, and
specifically moving mass from the left tail, where pessimistic inflation expectations lie, rather
than on moving the mean towards the 2% target. In other words, communication targeting
pessimistic inflation expectations might be the most effective.

Methodologically, our work contributes to the growing literature on addressing dimension-
ality challenges when incorporating heterogeneous beliefs into macroeconometric models. Our
approach enables us to directly perturb the expectations of specific classes of agents for mean-

ingful economic insights.
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A Distributional Approximation and Parameter Reduction

In this appendix, we provide a more detailed discussion of the distributional approximation
introduced in Section 3. First, we show how the form of Hp, that determines the piecewise
constant approximation, derives directly from the way we aggregate probabilities in equation
(4). Then, we show how the method effectively reduces the number of parameters compared to
the high-dimensional VAR that would be estimated without probability aggregation, thereby
making the approach operational.

As in the main text, we focus on the discrete case, as in practice one does not use the
continuous density ftK (), but rather a discrete approximation, which makes it vector valued.
In our case, this is given by fX, that is a 101/§ vector obtained by evaluating f/ evaluated at the
thin grid [—-50, =50 + 9, ...,50 — 4, 50], where we use § = 1/100. Once the infinite-dimensional
object is mapped into the finite-dimensional vector, p; and f can conceptually be treated in

the same way. The left hand side of equation (4) can be rewritten as
w{ = Hpp;

where Hp is [M x 101] selection matrix given by:

/
L‘]l —q0 0 0
/
I:ID — 0 Lor—qn 0
/
L 0 0 LQM*(]M—1_

By expressing p; as a function of th one needs to invert Hp. This can be done via Hp = I;I'g,
where Xt is the Moore-Pensore pseudo inverse of X. The matrix Hp has a block structure,
where each block of is of rank-1. For this reason, the pseudo inverse can be computed as the
transpose of the pseudo inverse of each normalized block, resulting in the following form for

HD:

Lo —ag
e U 0
Lgo—
0 lea 0
HD — q2—q1
Lgry—
0 0 aM —9IM—1
L qmM —4qm—1

Suppose one is interested in fitting a VAR on the stacked vector x; = [y}, pt)’, where y; is a
N, vector of macroeconomic variables. Without loss of generality, we model x; as a VAR(1)

without intercept. This specification defines the first IV, equations as:

Yt = q)y,y}’t—l + <I)y,ppt—1 + ey

where e, ; is a N, dimensional error of correlated innovations, ®, ., and ®, , are, respectively,

[Ny x Ny] and [N, x 101] dimensional matrices to be estimated. The latter is very high dimen-
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sional and unfeasible to estimate in a full Bayesian setting, even in this simplistic setting with a
single lag. With the Kernel case the problem is even magnified, given that the dimension of £/
is 1/6 = 100 higher than p;. Our proposed aggregation scheme replaces p; with WtD , leading to

the following approximation for ®, ,:
Q= &’y,pﬁD

where @, , is [N, x M] dimensional, whose estimation can be easily handled.

B SS-BVAR implementation details

This section gives the details on the hyperparameters setting and the posterior sampling steps
for the model employed in this study. We allow for an asymmetric shrinkage among equations
by setting A2 = 0.2, and penalize higher order lags more strongly with A, = 1.5. Regarding the
prior scale matrix and degrees of freedom, we set 3¢ = diag(c?, ..., 0']2\,) and v = N + 2, where
o2 are the AR(4) scaling used to inform the prior variance of the lagged coefficients. Regarding
the hyperprior of A1, we set a1 = ap = 0.001.

For the posterior sampling steps, let y = [y}, ..., ¥/’ be the stacked version of the dataset.
Given the prior framework outlined above and the likelihood function implied by the model in eq.
(8), we can simulate from the joint posterior distribution using a Gibbs sampler that sequen-
tially samples from the conditional posterior distributions: w(Xl|y, ¢,0,\1), 7(o|y, X, 0, A1),
m(0ly, %, ¢, \1), and w(\]y, ¢, 0,X).

e The sampling steps of Xy, ¢, 0, \1, and Oy, X, ¢, A1 are standard (Villani, 2009).

e Sampling ¢|y, X, 0, \; is also standard. Given the high dimensionality of the system, we
employ the correct version of the triangular algorithm developed by Carriero et al. (2019)

in conjunction with the precision sampler of Chan and Jeliazkov (2009).

e The full conditional posterior of A; is Inverse Gamma:

N2P dont
77()\1|y7¢,2,0)o<Ig( 5 +a17¢ ¢+042)

where C = diag(cy,...,cy2p), is a diagonal matrix that stores the constant part of the

prior variance of each ¢;, i =1, ..., N2P.

e In an auxiliary specification, we assign different shrinkages to different portions of the

system. Let’s consider \(m¢©)

, the one associated to the lagged parameters that belong
to the expectations to macro block. To sample it, we must first define the index set
Sie that collect the indexes i such that 6; is a coefficient associated with the macro to
expectation block. The conditional posterior is given by

Smee i
F(A(mke)‘yad)vzag) OCIQ<#T<;+O‘17 Z %—FQQ)
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C Scenario analysis

This section explains how the scenario analysis is conducted. The goal is to draw the structural
shock that generates the movements of the IV, quantiles we have in mind, using just the shocks
of the quantiles and the sentiment. We start by rewriting compactly the SS-BVAR in equation
(8) in structural form for t =T + 1:

®ozr11 =c+uryr, urg ~N(0,Iy) (C.1)

where z; = z;— p; are the zero unconditional mean stable deviations, and ¢ = Zi 1 PoPizr 1.
Moreover, let r, be the N, x 1 vector of quantile movements we want to impose. They can be
conveniently expressed in deviations from the constant part of equation (C.1), ier, = R,c+q.
R. = [In, On,n,+1] is @ Ny x N selection matrix, which picks the first N, elements of c,
whereas q represents the various movements imposed. q varies across experiments, and is
always depicted in the first Panel of each Figure. For the mean shock, q is simply a vector of
ones, implying a rightward movement of all the quantiles, that doesn’t affect the shape of the

distribution. The two restrictions can be written as:
R.z71 =r,, Ryury =0n_np,

R, = [On,,~n. In,]selects the last N, structural shocks. Although the second restriction is on
the structural shock, there is one to one map with zr,1, ie R, ®ozr+1 = Ryc. This allow us
to rewrite both compactly as

Rzpi =1

! Y

where R = [R,, ®,R.]

as

’

,andr = [r,, ¢'R,]. The resulting structural shock can be obtained

p, = (R®; ) (r —RP;'c)

where the X is the Moore Pensore inverse of X.
Graphical visualization of scenario construction

Original (pdf) scenario Original (gf) scenario Aggregated scenario

@ (b) ' ©

\*"Baseline distribution — Perturbed distribution\

Figure C.1: Example of Density Impulse construction: location shock. In this figure
we show the workflow to construct the experiment of the positive location shocks under the
Discrete distributional approximation. Panel (a) shows the pdf function; Panel (b) shows the
quantile function, Panel (c) shows the aggregated proportions (or probabilities). Each panel
shows two curves: the original one (dashed-blue line) and the perturbed one (solid-orange line).
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Figure C.2: Zoom on the scenario construction: standard deviation shock. In this
figure we show the workflow to construct the experiment of the positive standard deviation
shock under the two distributional assumptions: discrete (first column), and continuous (second
column).
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D Additional figures and results

Raw proportions
0.2 —©— Discrete
---E--Wang & Van Ryzin
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0.05

Figure D.1: The figure shows the average distributions over the temporal dimension of the “raw”
empirical probabilities (red line), and the Kernel density (green dashed-dotted line) obtained
using the Wang and Van Ryzin (1981) Kernel in conjunction with a cross-validation strategy
for the bandwidth selection.

43



0.8

0.6

0.4

S S T S AP AN
- \6“\Q-}7/x

Figure D.2: The figure displays the lower triangular portion of the correlation matrix for the

time series of aggregate probabilities associated with the discrete approximation w’.
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Figure D.3: Estimated trends and gaps for the three macroeconomic variables in the BVAR
model. Red dashed-dotted line: median trend. Red shaded areas delimit the 68% credible
bands.
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Figure D.4: Observed and counterfactual inflation expectation distribution in nine representa-
tive dates for the Dot-Com crisis.
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Figure D.5: Observed and counterfactual inflation expectation distribution in nine representa-
tive dates for the GFC.

45



Feb 2020 ) Mar 2020 02 Apr 2020

0.2
0.1
0
5 0 5 10 15 5 0 5 10 15
May 2020 Jun 2020 Jul 2020
0.2 0.2 0.2

Oct 2020
0.2

0
5 0 5 10 15 5 0 5 10 15 5 0 5 10 15

Data —-—-— No exp. shocks ‘

Figure D.6: Observed and counterfactual inflation expectation distribution in nine representa-
tive dates for the Covid-19 crisis.
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D.1 Alternative identification schemes
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Figure D.7: Different Identification: Interest rate exogenous to expectations, but
endogenous to uncertainty indicators and the oil price. Panel (a): Contribution of the two
exogenous variables (first subplot) and the three macroeconomic variables (second subplot) to the FEVD
of the nine expectations series at different horizons (x-axis). Different colors indicate the location in the
domain of the proportions. Left tail (< 0, blue dashed-dotted line), bulk (€ [1, 5], black lines), right tail
(> 5, red dashed lines). Panel (b): Contributions of the three different identified blocks of indicators
to the FEVDs of the macroeconomic variables at different horizons (x-axis). Panel (c¢): Comparison
among the different approximations of the contribution of the expectation block to the FEVD of the
macroeconomic variables.
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Figure D.8: Different Identification: All the macroeconomic variables exogenous to
expectations, but endogenous to uncertainty indicators and the oil price. Panel
(a): Contribution of the two exogenous variables (first subplot) and the three macroeconomic variables
(second subplot) to the FEVD of the nine expectations series at different horizons (x-axis). Different
colors indicate the location in the domain of the proportions. Left tail (< 0, blue dashed-dotted line), bulk
(€ [1,5], black lines), right tail (> 5, red dashed lines). Panel (b): Contributions of the three different
identified blocks of indicators to the FEVDs of the macroeconomic variables at different horizons (x-axis).
Panel (c¢): Comparison among the different approximations of the contribution of the expectation block
to the FEVD of the macroeconomic variables.
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The following Table presents the full specification of the regression results in Table 3.

P[Eis(ms12) € A] = pu + %, B+ €5

Specification
Variable A=1[-50,1] | A=10,1]
Birth cohort —0.0268*** —0.0218***
(0.0019) (0.0019)
Squared effect 0.0007*** 0.0005***
(0.0001) (0.0000)
If male 0.01171*** 0.0060**
(0.0027) (0.0026)
If south —0.0032 —0.0012
(0.0039) (0.0037)
If west —0.0058 —0.0053
(0.0042) (0.0041)
If midwest —0.0054 0.0010
(0.0040) (0.0039)
Hold diploma —0.0099 —0.0099
(0.0065) (0.0063)
Hold degree 0.0048 0.0046
(0.0029) (0.0028)
Income (quintiles) 0.0100*** 0.0094***
(0.0012) (0.0011)
If invest —0.0054* —0.0024
(0.0032) (0.0031)
Sentiment 0.0664*** 0.0633***
(0.0012) (0.0011)
Model summary
Time FE Yes Yes
Robust SE Yes Yes
N 114847 114847
R-squared 0.0323 0.0302

Table D.1: Pooled OLS regression on inflation expectations, full specification.
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E Michigan survey on Consumer attitudes

e Mnemonic: MSC.

e Population: Cross section of the general public.

e Organization: Survey research center, University of Michigan
o N. of respondents: 566 (mean), 480 (min), 1459 (max).

e Type: Short rotating Panel. For each month, an independent cross-section sample of
households is drawn. The respondents chosen in this drawing are then reinterviewed six
months later. The total sample for any one survey is normally made up of two- thirds of

new respondents, and one-third being interviewed for the second time.
e Timing: variable, usually the fourth week of the month.

e Forecast Horizon: One year ahead (from January 1978), one and five year ahead (from
April 1990).

o Questions (for inflation expectations):

1. During the next 12 months, do you think that prices in general will go up, or go

down, or stay where they are now?

2. By about what percent do you expect prices to go (up/down), on average, during
the next 12 months?

o Questions (for the Consumer Sentiment construction):

1. We are interested in how people are getting along financially these days. Would you
say that you (and your family living there) are better off or worse off financially than

you were a year ago?

2. Now looking ahead—do you think that a year from now you (and your family living

there) will be better off financially, or worse off, or just about the same as now?

3. Now turning to business conditions in the country as a whole—do you think that
during the next twelve months we’ll have good times financially, or bad times, or
what?

4. Looking ahead, which would you say is more likely—that in the country as a whole
we’ll have continuous good times during the next five years or so, or that we will

have periods of widespread unemployment or depression, or what?

5. About the big things people buy for their homes—such as furniture, a refrigerator,
stove, television, and things like that. Generally speaking, do you think now is a

good or bad time for people to buy major household items?
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